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Abstract: The class imbalance problem has been recognized in many practical domains and a hot topic of machine
learning in recent years. In such a problem, almost all the examples are labeled as one class, while far fewer examples are
labeled as the other class, usually the more important class. In this case, standard machine learning algorithms tend to be
overwhelmed by the majority class and ignore the minority class since traditional classifiers seeking an accurate
performance over a full range of instances. This paper reviewed academic activities special for the class imbalance
problem firstly. Then investigated various remedies in four different levels according to learning phases. Following
surveying evaluation metrics and some other related factors, this paper showed some future. In this paper, we present a
new hybrid frame work and two algorithms dubbed as Class Imbalance Learning using Intelligent Under Sampling—
Tree and Neural Network versions (CILIUS-T, CILIUS-NN) for learning from skewed training data. These algorithms
pro- vide a simpler and faster alternative by using C4.5 and Neural Network as base algorithm. We conduct experiments
using ten UCI datasets from various application domains using five algorithms for comparison on five evaluation metrics.
Expert- mental results show that our method has higher Area under the ROC Curve, F-measure, precision, TP rate and
TN rate values than many existing class imbalance learning methods
Index Terms— Dataset, class imbalance, Class imbalance ·Weighted sampling · CILIUS
1. Introduction
Many traditional algorithms to machine learning and data mining problems assume that the target classes share similar prior
probabilities. However, in many real world applications, such as oil-spill detection, network intrusion detection, fraud detection,
this assumption is grossly violated. In such problems, almost all the examples are labeled as one class, while far fewer examples
are labeled as the other class, usually the more important class. This situation is known as the problem of class imbalance.
A dataset is class 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 [1]. It is noteworthy that class imbalance is emerging
as an important issue in designing classifiers [2–4]. Furthermore, the class with the lowest number of instances is usually the class
of interest from the point of view of the learning task [5]. This problem is of great interest because it turns up in many real-world
classification problems, such as remote-sensing [6], pollution detection [7], risk management [8], fraud detection [9], and
especially medical diagnosis [10–14].
Whenever a class in a classification task is under rep- resented (i.e., has a lower prior probability) compared to other classes, we
consider the data as imbalanced [15,16]. 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 [15–17]. Data balancing is performed by, e.g., 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 [17]. Alternatively, under-sampling is performed on majority classes either randomly or from
areas far away from the decision boundaries.
We note that random under-sampling 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 under-sampling of majority classes [17]. 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. In this paper the use of an under-sampling technique based
on feature selection is proposed in order to create a consistent and strong dataset (without noise), that this method is contrasted
with several algorithms and that it is more robust.
This paper is organized as follows: Section 2 briefly presents the literature review conducted for the work and in Sect. 3, we
discuss the proposed method of using the Intelligent Under-Sampling (IUS) technique for CIL. Section 4 presents the variations
of CILIUS method. Section 5 presents the imbalanced datasets used to validate the pro- posed method, while in Sect. 6, we present
the experimental setting and in Sect. 7 discuss, in detail, the classification results obtained by the proposed method and compare
them with the results obtained by different existing methods and finally, in Sect. 8 we conclude the paper.
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2. Literature review
A comprehensive review of different CIL methods can be found in [18]. The following two sections briefly discuss the externalimbalance and internal-imbalance learning methods. The external methods are independent from the learning algorithm being
used, and they involve preprocessing of the training datasets to balance them before training the classifiers. Different resampling
methods, such as random and focused oversampling and under-sampling, fall into to this category. In random under-sampling, the
majority class examples are removed randomly, until a particular class ratio is met [19]. In random oversampling, the minority class
examples are randomly duplicated, until a particular class ratio is met [18]. Synthetic minority oversampling technique (SMOTE)
[20] is an oversampling method, where new synthetic examples are generated in the neighborhood of the existing minority-class
examples rather than directly duplicating them. In addition, several informed sampling methods have been introduced in [21].
Currently, the research in class imbalance learning mainly focuses on the integration of imbalance class learning with other AI
techniques. How to integrate the class imbalance learning with other new techniques is one of the hottest topics in class imbalance
learning research. There are some of the recent research directions for class imbalance learning as follows:
Jo et al. [22] have proposed a clustering-based sampling method for handling class imbalance problem, while Zou et al. [23] have
proposed a genetic algorithm-based sampling method. Wang et al. [24] have suggested a method for extracting minimum positive
and maximum negative features (in terms of absolute value) for imbalanced binary classification is proposed. They have developed
two models to yield the feature extractors. Model 1 first generates a set of candidate extractors that can minimize the positive
features to be zero, and then chooses the ones among these candidates that can maximize the negative features. Model 2 first
generates a set of candidate extractors that can maximize the negative features, and then chooses the ones that can minimize the
positive features. Compared with the traditional feature extraction methods and classifiers, the proposed models are less likely
affected by the imbalance of the dataset.
Brown et al. [25] have explored the suitability of gradient boosting, least square support vector machines and random forests for
imbalanced credit scoring datasets such as loan default reduction. They progressively increase class imbalance in each of these
datasets by randomly under-sampling the minority class of defaulters, so as to identify to what extent the predictive power of the
respective techniques is adversely affected. They have given the suggestion for applying the random forest and gradient boosting
classifiers for better performance. García et al. [26] have used evolutionary technique to solve the class imbalance problem. They
pro- posed a method belonging to the family of the nested generalized exemplar that accomplishes learning by storing objects in
Euclidean n-space. Classification of new data is performed by computing their distance to the nearest generalized exemplar. The
method is optimized by the selection of the most suitable generalized exemplars based on evolutionary algorithms.
Xiao et al. [27] have proposed a dynamic classifier ensemble method for imbalanced data (DCEID) by combining ensemble
learning with cost-sensitive learning. In this for each test instance, it can adaptively select out the more appropriate one from the
two kinds of dynamic ensemble approach: dynamic classifier selection (DCS) and dynamic ensemble selection (DES).
Meanwhile, new cost-sensitive selection criteria for DCS and DES are constructed respectively to improve the classification
ability for imbalanced data. López et al. [28] have analyzed the performance of data level proposals against algorithm level
proposals focusing in cost-sensitive models and versus a hybrid procedure that combines those two approaches. They also lead to
a point of discussion about the data intrinsic characteristics of the imbalanced classification problem which will help to follow
new paths that can lead to the improvement of current models mainly focusing on class overlap and dataset shift in imbalanced
classification. Yong [29] has proposed one kind minority kind of sample sampling method based on the K-means cluster and the
genetic algorithm. They used K-means algorithm to cluster and group the minority kind of sample, and in each cluster they use
the genetic algorithm to gain the new sample and to carry on the valid confirmation. Seiffert et al. [30] have examined a new
hybrid sampling/boosting algorithm, called RUSBoost from its individual component AdaBoost and SMOTEBoost, which is
another algorithm that combines boosting and data sampling for learning from skewed training data.
3. Class imbalance learning using intelligent under-sampling (CILIUS)
In this section, we follow a design decomposition approach to systematically analyze the different imbalanced domains. We first
briefly introduce the framework design for our proposed algorithm. The working style of under-sampling tries to decrease the
number of weak or noise examples. Here, the weak instances related to the specific features are to be eliminated, which is identified
according to a well-established filter and intelligent technique. The number of instances eliminated will belong to the ‘k’ feature
selected by filter and intelligent technique. Here, the above said routine is employed, which removes examples suffering from
feature to class label noises at first and then removes borderline examples and examples of outlier category. Feature to Class label
noises are the examples whose influence is not seen for the decision of the class for that particular feature. Here, they are identified by
the limited range categories, using the above said technique. In detail, at first some examples are deleted temporary from Nstrong,
a new dataset created with strong instances. Then, for a class to be shrank, all its examples inside of Nstrong are classified. If the
classification is correct, and the accuracy is increased then the examples deleted temporary are regarded as being feature class
label noises. Borderline examples are the examples close to the boundaries between different classes for a specific feature. They are
unreliable because even a small amount of attribute noise can send the example to the wrong side of the boundary. The outliers are
those examples which are very rare in nature from the remaining set of examples. These are examples are of very rare use to the
classification and thus to be removed for better performance. The proposed framework which is shown in Fig. 1 addresses the
problem of class imbalance learning.
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The algorithm 1: CILIUS can be explained as follows:
The inputs to the algorithm are minority class “ p” and majority class “n” with the number of features j . The out- put of the
algorithm will be the average measures such as AUC, precision, F-measure, TP rate and TN rate produced by the CILIUS method.
The algorithm begins with initialization of k 0 and j 1, where k is the number of features extracted by applying correlation-based
feature subset filter on the dataset and j is the variable used for looping of k features. The „k‟ value will change from one dataset to
other, and depending upon the unique properties of the dataset the value of k can be equal to zero also, i.e., no attributes can be
=

=

Fig. 1 Framework of class imbalance learning using intelligent under-sampling (CILIUS)
selected after applying CFS, i.e., correlation-based feature subset evaluation [42]. The presented under-sampling algorithm is
summarized below:
Input : A set of minor class examples P, a set of major class examples N, jPj < jNj and Fj
The feature set j > 0
Output : Average Measure { AUC, Precision ,F-Measure ,TP Rate, TN Rate }
1: begin
2: k 0, j1.
3:Apply CFS on subset N,
4:ind Fj from N, k=number of features extracted in CFS
5: repeat
6:k=k+1
7:Select the range for weak noisy instances of Fj
8:Remove ranges of weak attributes and form a set of major class examples Nstrong
9:Until j=k
10:Train and learn a base classifier (C4.5 or NN) using P and Nstrong
11:end
The different components of our new proposed framework are elaborated in the next subsections.
Preparation of the subsets :
The datasets are partitioned into majority and minority sub- sets. As we are concentrating on under-sampling, we will take the
majority data subset for further analysis and reduction.
Influential feature subset selection :
Majority subset can be further analyzed to find the weak or noisy instances so that we can eliminate those. For finding the weak
instances one of the ways is that find most influencing attributes or features and then remove ranges of the noisy or weak attributes
relating to that feature. How to find the most influencing attribute is by using an attribute selecting filter, in this case we have used
CFS [42].
Choosing feature class label and noise ranges :
How to choose the weak instances relating to that feature from the dataset set. We can find a range where the number of samples
are less can give you a simple hint that those instances coming in that range or very rare or noise. We will intelligently detect and
remove those instances which are in narrow ranges of that particular feature, borderline and noise instances. The number of features
selected in CFS for each dataset can be reproduced by applying CFS on the specified datasets. Due to space limitation, we may not
able to give all the attributes selected and the ranges of instances removed from the majority subset.
Forming the strong dataset :
The minority subset and the stronger majority subset is combined to form a strong and balance dataset, which is used for learning of a
base algorithm. In this case we have used C4.5 as the base algorithm.
4. Variations of class imbalance learning using intelligent under-sampling (CILIUS)
In the framework of CILIUS a base algorithm is used in the implementation and the efficiency of the CILIUS will also depend on
the fine tuning of the parameters and the base algorithms etc. As to find the efficiency of CILIUS for different parameters, we
have designed different variations
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Table 2 : Summary of bench marked data sets
Breast
Breast_w
Diabetes
Hepatitis
Ionosphere
Colic
Vote
Labor
Sick
Sonar

268
699
768
155
351
368
435
56
3, 772
208

9(recurrence; no-recurrence)
9(benign; malignant)
8(tested-positive; tested-negative)
19(die; live)
34(b;g)
22(yes,no)
16(democrat; republican)
16(bad; good)
29(negative; sick)
60(rock; mine)

1.90
1.90
1.90
1.90
2.00
1.90
2.06
2.06
2.06
2.06

Table 3 Summary of tenfold cross-validation performance for AUC on all the datasets
Datasets
Breast_w

C4.5

CART

BPN

REP

SMOTE

CILIUS-T

CILIUS-NN

0.957 ± 0.034

0.950 ± 0.031

0.991 ± 0.018

0.964 ± 0.038

0.972 ± 0.027

0.987 ± 0.016

0.998 ± 0.003

Diabetes
0.751 ± 0.070 0.742 ± 0.078 0.801 ± 0.058 0.751 ± 0.068 0.792 ± 0.046 0.826 ± 0.056 0.878 ± 0.041
Hepatitis
0.668 ± 0.184 0.561 ± 0.130 0.812 ± 0.157 0.624 ± 0.158 0.806 ± 0.112 0.714 ± 0.166 0.818 ± 0.135
Sonar
0.753 ± 0.113 0.721 ± 0.106 0.887 ± 0.072 0.746 ± 0.106 0.814 ± 0.090 0.774 ± 0.114 0.914 ± 0.059
Ionosphere 0.891 ± 0.060 0.896 ± 0.059 0.919 ± 0.062 0.902 ± 0.054 0.904 ± 0.053 0.917 ± 0.048 0.941 ± 0.056
Vote
0.979 ± 0.025 0.973 ± 0.027 0.985 ± 0.013 0.957 ± 0.023 0.984 ± 0.017 0.96 ± 0.034 0.979 ± 0.027
Colic
0.843 ± 0.070 0.847 ± 0.070 0.845 ± 0.060 0.844 ± 0.067 0.908 ± 0.040 0.873 ± 0.082 0.875 ± 0.064
Labor
0.726 ± 0.224 0.750 ± 0.248 0.950 ± 0.133 0.767 ± 0.232 0.833 ± 0.127 0.765 ± 0.217 0.976 ± 0.087
Breast
0.606 ± 0.087 0.587 ± 0.110 0.645 ± 0.109 0.578 ± 0.116 0.717 ± 0.084 0.637 ± 0.110 0.878 ± 0.041
Sick
0.952 ± 0.040 0.954 ± 0.043 0.951 ± 0.033 0.967 ± 0.030 0.962 ± 0.025 0.95 ± 0.035 0.941 ± 0.037
Average
0.813 ± 0.090 0.798 ± 0.090 0.879 ± 0.072 0.810 ± 0.089 0.869 ± 0.062 0.842 ± 0.088 0.912 ± 0.055
Bold values indicate highest values of CILIUS by varying the type of base algorithm and fine tuning parameters in
implementation. In different variations of CILIUS we deployed C4.5 [43] and Back propagation neural networks [44] as the base
algorithm and we called implementations as CILIUS-T and CILIUS-NN respectively
5 . Evaluation metrics
Evaluation criteria :
To assess the classification results we count the number of true positive (TP), true negative (TN), false positive (FP) (actually
negative, but classified as positive) and false negative (FN) (actually positive, but classified as negative) examples. It is now well
known that error rate is not an appropriate evaluation criterion when there is class imbalance or unequal costs. In this paper, we use
AUC, Precision, F-measure, TP rate and TN rate as performance evaluation measures.
Let us define a few well known and widely used measures:
The area under curve (AUC) measure is computed by using Eq. (1),

AUC =

1 + TPRATE – FPRATE

( 1)

2
The precision measure is computed by using Eqv (2)
Precision

=

TP
-------------(TP) + (FP)

(2)

The F-measure value is computed by using Eq. (3),
F-measure

=

2 × Precision ×Recall

(3)

Precision + Recall
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The true positive rate (sensitivity) measure is computed by using Eq. (4),
Sensitivity =
(TP) + (FN)

T

(4)

The true negative rate (specificity) measure is computed by using Eq. (5),
Specificity

=

TN
---------------

(5)

(TN)+(FP)
Table 4 Summary of tenfold cross-validation performance for precision on all the datasets
Datasets
Breast_w

Diabetes
Hepatitis
Sonar
Ionosphere
Vote
Colic
Labor
Breast
Sick
Average

C4.5

CART

0.965 ± 0.026

0.797 ± 0.045
0.510 ± 0.371
0.728 ± 0.121
0.895 ± 0.084
0.971 ± 0.027
0.851 ± 0.051
0.696 ± 0.359
0.753 ± 0.042
0.992 ± 0.005
0.816 ± 0.113

0.971 ± 0.033

0.784 ± 0.041
0.233 ± 0.337
0.709 ± 0.118
0.868 ± 0.096
0.971 ± 0.028
0.853 ± 0.053
0.715 ± 0.355
0.728 ± 0.038
0.992 ± 0.005
0.784 ± 0.110

BPN
0.976 ± 0.032

0.791 ± 0.053
0.561 ± 0.308
0.822 ± 0.113
0.952 ± 0.062
0.959 ± 0.033
0.851 ± 0.060
0.867 ± 0.217
0.763 ± 0.058
0.980 ± 0.008
0.852 ± 0.094

REP
0.962 ± 0.034

0.793 ± 0.044
0.292 ± 0.391
0.733 ± 0.134
0.886 ± 0.092
0.969 ± 0.035
0.857 ± 0.056
0.698 ± 0.346
0.721 ± 0.037
0.990 ± 0.005
0.790 ± 0.117

SMOTE
0.976 ± 0.034

0.781 ± 0.062
0.712 ± 0.175
0.863 ± 0.068
0.940 ± 0.049
0.977 ± 0.027
0.853 ± 0.057
0.871 ± 0.151
0.710 ± 0.075
0.983 ± 0.007
0.811 ± 0.062

CILIUS-T
0.986 ± 0.020

0.810 ± 0.048
0.698 ± 0.305
0.759 ± 0.112
0.922 ± 0.071
0.978 ± 0.078
0.787 ± 0.090
0.754 ± 0.337
0.736 ± 0.050
0.990 ± 0.006
0.896 ± 0.112

CILIUS-NN
0.981 ± 0.023

0.830 ± 0.048
0.645 ± 0.283
0.870 ± 0.097
0.943 ± 0.067
0.957 ± 0.048
0.795 ± 0.094
0.983 ± 0.203
0.830 ± 0.048
0.971 ± 0.011
0.904 ± 0.043

Bold values indicate highest values
6. Experimental framework
Evaluation on ten real-world datasets
In this study CILIUS is applied to ten binary datasets from the UCI repository [45] with different imbalance ratio (IR). Table 2
summarizes the data selected in this study and shows, for each dataset, the number of examples (#Ex.), number of attributes
(#Atts.), class name of each class (minority and majority) and imbalance ratio (IR) [46–49], defined as the ratio of the number of
instances of the majority class and the minority class.
In order to estimate different measures (AUC, precision, F-measure, sensitivity and specificity) we use a tenfold cross- validation
approach, that is ten partitions for training and test sets, 90 % for training and 10 % for testing, where the ten test partitions form the
whole set. For each dataset we consider the average results of the ten partitions. We performed the implementation using Weka on
Windows XP with 2Duo CPU running on 3.16 GHz PC with 3.25 GB RAM.
Algorithms for comparison and parameters
To validate the proposed CILIUS algorithm, we compared it with the traditional C4.5, CART (classification and regression trees),
BPN (back propagation neural networks), REP (reduced error pruning tree) and SMOTE (synthetic minority oversampling
technique).
Regarding the algorithms for comparison, we have selected alternative paradigms in the CILIUS design field, other neural
network models such as multilayer perception, and rule induction algorithms. Specifically, we consider five different algorithmic
approaches:
C4.5:• we have selected the C4.5 algorithm as a well- known classifier that has been widely used for imbalanced data. For this
experimental set of C4.5 we have used all the default parameters in WEKA workbench.
Default parameters:
Binary Splits = False; Confidence Factor = 0.25; Debug = False; Minimum Number Objects = 2; Number of Folds = 3;
Reduced Error Pruning = False; Save Instance Data = False; Seed = 1; Sub tree Raising = True; Unpruned = False; Use
Laplace = False.
CART: The CART methodology is technically known as binary recursive
•
partitioning. For this experimental set of CART, we
have used all the default parameters in WEKA workbench.
Default parameters:
Debug = False; Heuristic = True; Minimum Number Objects=2; Number of Folds Pruning = 5; Seed = 1; Size Per = 1.0; Use One

IJSDR1711023

International Journal of Scientific Development and Research (IJSDR) www.ijsdr.org

127

ISSN: 2455-2631

© November 2017 IJSDR | Volume 2, Issue 11

SE = False; Use Prune = True.
•
BPN: neural networks (NN) are mathematical represen- tations modeled
on the functionality of the human brain. Although
various architectures have been proposed, our study focuses on probably the most widely used type of NN, i.e., the
multilayer perceptron (MLP). For this experimental set of BPN, we have used all the default parameters in WEKA
workbench.
Default parameters:
GUI = False; Auto Build = True; Debug = False; Decay = False; Hidden Layers = a; Learning Rate = 0.3; Momentum = 0.2;
Nominal To Binary Filter = True; Nor- malize Attributes = True; Normalize Numeric Class = True; Reset = True; Seed = 0;
Training Time = 500; Validation Set Size = 0; Validation Threshold = 20;
Table 5 Summary of tenfold cross-validation performance for F-measure on all the datasets
Datasets
Breast_w

Diabetes
Hepatitis
Sonar
Ionosphere
Vote
Colic
Labor
Breast
Sick
Average

C4.5

CART

0.962 ± 0.021

0.806 ± 0.044
0.409 ± 0.272
0.716 ± 0.105
0.850 ± 0.066
0.972 ± 0.021
0.888 ± 0.044
0.636 ± 0.312
0.838 ± 0.040
0.993 ± 0.003
0.743 ± 0.004

0.960 ± 0.020

0.818 ± 0.045
0.189 ± 0.231
0.672 ± 0.106
0.841 ± 0.070
0.966 ± 0.022
0.890 ± 0.040
0.660 ± 0.316
0.813 ± 0.038
0.994 ± 0.003
0.761 ± 0.043

BPN
0.973 ± 0.021

0.812 ± 0.420
0.512 ± 0.257
0.800 ± 0.095
0.859 ± 0.087
0.954 ± 0.024
0.849 ± 0.051
0.861 ± 0.193
0.764 ± 0.068
0.984 ± 0.004
0.816 ± 0.006

REP
0.963 ± 0.027

0.817 ± 0.045
0.213 ± 0.267
0.689 ± 0.136
0.848 ± 0.067
0.961 ± 0.025
0.882 ± 0.043
0.650 ± 0.299
0.805 ± 0.042
0.993 ± 0.003
0.798 ± 0.004

SMOTE
0.961 ± 0.025

0.743 ± 0.058
0.682 ± 0.149
0.861 ± 0.061
0.905 ± 0.048
0.969 ± 0.021
0.880 ± 0.042
0.793 ± 0.132
0.730 ± 0.076
0.987 ± 0.004
0.765 ± 0.042

CILIUS-T
0.984 ± 0.014

CILIUS-NN
0.982 ± 0.016

0.836 ± 0.040
0.556 ± 0.238
0.752 ± 0.103
0.881 ± 0.065
0.963 ± 0.063
0.827 ± 0.073
0.697 ± 0.307
0.812 ± 0.046
0.991 ± 0.004
0.852 ± 0.006

0.845 ± 0.038
0.571 ± 0.218
0.837 ± 0.076
0.865 ± 0.078
0.939 ± 0.044
0.792 ± 0.074
0.870 ± 0.191
0.845 ± 0.038
0.976 ± 0.007
0.872 ± 0.012

CILIUS-T

CILIUS-NN

Bold values indicate highest values

Table 6 Summary of tenfold cross-validation performance for sensitivity on all the datasets
Datasets
Breast_w

Diabetes
Hepatitis
Sonar
Ionosphere
Vote
Colic
Labor
Breast
Sick
Average

C4.5

CART

0.959 ± 0.033

0.821 ± 0.073
0.374 ± 0.256
0.721 ± 0.140
0.821 ± 0.107
0.974 ± 0.029
0.931 ± 0.053
0.640 ± 0.349
0.947 ± 0.060
0.995 ± 0.004
0.874 ± 0.004

0.954 ± 0.032

0.852 ± 0.075
0.172 ± 0.246
0.652 ± 0.137
0.803 ± 0.112
0.961 ± 0.037
0.932 ± 0.050
0.665 ± 0.359
0.926 ± 0.081
0.996 ± 0.003
0.856 ± 0.123

BPN
0.972 ± 0.035

0.842 ± 0.061
0.523 ± 0.295
0.792 ± 0.128
0.793 ± 0.122
0.952 ± 0.039
0.853 ± 0.073
0.900 ± 0.225
0.772 ± 0.104
0.989 ± 0.006
0.886 ± 0.036

REP
0.961 ± 0.036

0.841 ± 0.076
0.192 ± 0.249
0.685 ± 0.192
0.826 ± 0.104
0.955 ± 0.034
0.914 ± 0.066
0.665 ± 0.334
0.917 ± 0.087
0.996 ± 0.004
0.871 ± 0.104

SMOTE
0.953 ± 0.037

0.712 ± 0.089
0.681 ± 0.195
0.865 ± 0.090
0.881 ± 0.071
0.963 ± 0.037
0.913 ± 0.058
0.765 ± 0.194
0.763 ± 0.117
0.990 ± 0.005
0.912 ± 0.012

0.984 ± 0.022

0.869 ± 0.064
0.499 ± 0.525
0.762 ± 0.114
0.853 ± 0.103
0.951 ± 0.062
0.884 ± 0.113
0.690 ± 0.332
0.909 ± 0.071
0.992 ± 0.006
0.905 ± 0.132

0.984 ± 0.021

0.864 ± 0.063
0.581 ± 0.272
0.822 ± 0.115
0.809 ± 0.119
0.926 ± 0.074
0.803 ± 0.111
0.890 ± 0.231
0.864 ± 0.063
0.982 ± 0.012
0.896 ± 0.023

Bold values indicate highest values
REP:•one of the simplest forms of pruning is reduced error pruning. For this experimental set of REP, we have used all the default
parameters in WEKA workbench.
Default parameters:
Debug = False; Max Depth = −1; Minimum Numbers = 2.0; Minimum Variance Proposition=0.0010; No Pruning = False;
Number of Folds = 3; Seed = 1.
SMOTE:
•
regarding the use of the SMOTE pre-processing method [20], we consider only the 1-nearest neighbor (using the
euclidean distance) to generate the synthetic samples, and we balance both classes to the 50 % dis- tribution. For this
experimental set of SMOTE, we have used all the default parameters in WEKA workbench.
Default parameters:
Class Value = 0; Nearest Neighbors = 5; Percentage = 100.0; Random Seed = 1.
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Table 7 Summary of tenfold cross-validation performance for specificity on all the datasets
Datasets

C4.5

CART

Breast_w

0.932 ± 0.052

0.941 ± 0.056

Diabetes
0.603 ± 0.111 0.551 ± 0.106
Hepatitis
0.900 ± 0.097 0.931 ± 0.097
Sonar
0.749 ± 0.134 0.756 ± 0.121
Ionosphere 0.940 ± 0.055 0.921 ± 0.066
Vote
0.953 ± 0.045 0.953 ± 0.046
Colic
0.717 ± 0.119 0.720 ± 0.114
Labor
0.865 ± 0.197 0.877 ± 0.192
Breast
0.260 ± 0.141 0.173 ± 0.164
Sick
0.875 ± 0.071 0.876 ± 0.078
Average
0.809 ± 0.004 0.813 ± 0.003
Bold values indicate highest values

BPN

REP

0.944 ± 0.062

0.581 ± 0.015
0.891 ± 0.094
0.836 ± 0.122
0.976 ± 0.030
0.933 ± 0.057
0.738 ± 0.118
0.903 ± 0.159
0.428 ± 0.160
0.683 ± 0.123
0.843 ± 0.006

0.931 ± 0.068

0.572 ± 0.103
0.947 ± 0.099
0.762 ± 0.145
0.933 ± 0.063
0.949 ± 0.059
0.731 ± 0.121
0.843 ± 0.214
0.151 ± 0.164
0.846 ± 0.080
0.832 ± 0.004

MOTE

CILIUS-T

0.985 ± 0.028

0.814 ± 0.087
0.848 ± 0.112
0.752 ± 0.113
0.928 ± 0.057
0.981 ± 0.023
0.862 ± 0.063
0.847 ± 0.187
0.622 ± 0.137
0.872 ± 0.053
0.890 ± 0.015

0.978 ± 0.030

0.696 ± 0.096
0.920 ± 0.092
0.743 ± 0.138
0.948 ± 0.052
0.983 ± 0.030
0.765 ± 0.122
0.865 ± 0.207
0.325 ± 0.156
0.903 ± 0.060
0.885 ± 0.006

CILIUS-NN
0.971 ± 0.036

0.734 ± 0.094
0.868 ± 0.121
0.864 ± 0.118
0.965 ± 0.042
0.967 ± 0.037
0.793 ± 0.120
0.918 ± 0.152
0.734 ± 0.094
0.708 ± 0.112
0.876 ± 0.012

Table 8 Summary of experimental results for some of the datasets using non-parametric Wilcoxon test
Breast_w

Diabetes

CILIUS-T CILIUSNN
AUC
4/5
Precision 5/5
F-measure 5/5
Sensitivity5/5
Specificit 1/5
y

5/5
5/5
5/5
5/5
1/5

Hepatitis

Sonar

Ionosphere

CILIUS- CILIUS-NN CILIUS- CILIUST
T
NN

CILIUS-T CILIUSNN

CILIUS-T CILIUSNN

5/5
5/5
5/5
5/5
1/5

3/5
3/5
3/5
3/5
5/5

4/5
3/5
4/5
4/5
1/5

5/5
5/5
5/5
5/5
1/5

3/5
4/5
4/5
3/5
3/5

5/5
4/5
4/5
3/5
4/5

5/5
5/5
4/5
4/5
0/5

5/5
4/5
4/5
2/5
1/5

Table 9 Summary of experimental results some of the datasets using non-parametric Wilcoxon test
Vote
CILIUS- CILIUST
NN
AUC
1/5
Precision 5/5
F-measure 2/5
Sensitivity 2/5
Specificity1/5

3/5
1/5
0/5
5/5
1/5

Colic

Labor

CILIUS-T ILIUSNN

CILIUS- CILIUS-NN CILIUS- CILIUST
T
NN

CILIUS-T CILIUSNN

4/5
0/5
0/5
1/5
1/5

2/5
3/5
3/5
3/5
3/5

3/5
3/5
3/5
3/5
3/5

4/5
0/5
0/5
0/5
1/5

Breast_Cancer

5/5
5/5
5/5
4/5
0/5

3/5
3/5
4/5
2/5
2/5

5/5
5/5
5/5
2/5
0/5

Sick

0/5
5/5
5/5
4/5
5/5

7. Results
We evaluated the performance of the proposed CILIUS approaches on a number of real-world classification problems. The goal is
to examine whether the new proposed learning framework achieve better AUC and other evaluation metrics than a number of
existing learning algorithms. Experiments on the UCI datasets have two goals. First, we study the class imbalance properties of the
datasets using proposed CILIUS learning algorithms. Second, we com- pare the classification performance of our proposed
CILIUS algorithm with the traditional and class imbalance learning methods based on all datasets.
Following, we analyze the performance of the methods considering the entire original algorithms, without pre- processing,
datasets for C4.5, CART, BPN and REP. we also analyze a pre-processing method SMOTE for performance evaluation of CILIUS
variations. The complete table of results for all the algorithms used in this study is shown in Tables 3, 4, 5, 6, 7, 8 and 9, where the
reader can observe the full test results, of performance of each approach with their associated standard deviation. The average
result for each algorithm is given in the last row for each measure. We must emphasize the good results achieved by CILIUS-T and
CILIUS-NN, as it obtains the highest value among all algorithms. In order to analyze these results, Fig. 2a–j shows the average
AUC computed for all approaches, where we can observe that CILIUS-T and CILIUS-NN have obtained the best AUC value in
the comparison and therefore it is clearly given the indication of its supremacy. Tables 8 and 9 presents the summary of
experimental results conducted using non-parametric statistical tests with Wilcoxon test [50,51] for all the datasets. The table
describes wins or tie of CILIUS-T and CILIUS-NN results of AUC, precision, F-measure, sensitivity and specificity for every
dataset. The values M/N specify the M number of wins or tie on N algorithms compared.

IJSDR1711023

International Journal of Scientific Development and Research (IJSDR) www.ijsdr.org

129

ISSN: 2455-2631

© November 2017 IJSDR | Volume 2, Issue 11

Tables 8 and 9 presents the comparative results of pro- posed algorithms CILIUS-TT and CILIUS-NN against C4.5, CART, BPN,
REP and SMOTE. The value in the table; exam- ple: “4/5” specifies that the proposed algorithm has registered four wins against
compared five algorithms on that dataset for that specified measure. One can observe from the Tables 8 and 9 that our proposed
algorithms have registered good number of wins against the compared algorithms on all the datasets.
Fig. 2 a–j Test results on AUC between the C4.5, CART, BPN, REP, SMOTE, CILIUS-T and
CILIUS-NN for Breast_w, Diabetes, Hepatitis, Sonar, Ionosphere, Vote, Colic, Labor, Breast_cancer and Sick datasets

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

8. Conclusion
Class imbalance problem have given a scope for a new paradigm of algorithms in data mining. The traditional and benchmark
algorithms are worthwhile for discovering hidden knowledge from the data sources, meanwhile Class imbalance Learning methods
can improve the results which are very much critical in real world applications. In this paper we present the class imbalance

IJSDR1711023

International Journal of Scientific Development and Research (IJSDR) www.ijsdr.org

130

ISSN: 2455-2631

© November 2017 IJSDR | Volume 2, Issue 11

problem paradigm, which exploits the weighted human learning strategy in the supervised learning research area, and implement it
with two variations using C4.5 and Back propagation neural networks as its base learners. Experimental results show that
CILIUS-T and CILIUS-NN have performed well in the case of multi class imbalance datasets. Furthermore, CILIUS is much less
volatile than C4.5 and Back propagation neural networks original method. In our future work, we will apply CILIUS to more
learning tasks, especially high dimensional feature learning tasks.
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