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Abstract: To handle datasets with imbalanced classes is an exigent problem in
the area of machine learning and data mining. Though a lot of work has been
done by many researchers in the literature for two-class imbalanced problems,
the multiclass problems still need to be explored. In this paper, we propose
sampling and genetic algorithm based ensemble classifier (SA-GABEC) to
handle imbalanced classes. SA-GABEC tries to find the best subset of
classifiers for a given sample that is precise in predictions and can create an
acceptable diversity in features subspace. These subsets of classifiers are fused
together to give better predictions as compared to a single classifier. Moreover,
this paper also proposes modified SA-GABEC which performs the feature
selection before applying sampling and outperforms SA-GABEC. The
performance of the proposed classifiers is evaluated and compared with
GAB-EPA, Adaboost and bagging using minority class recall and extended
G-mean.
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1

Introduction

Classification is one of the vital errands in the area of machine learning and data mining
which provides a wide range of tools and techniques to extract the useful information
(Singh et al., 2015; Nag et al., 2015). In recent times, imbalanced class distribution has
drawn a lot of attention in both academia and industry. Most benchmark classification
algorithms have shown that skewed class distribution of a dataset favours the majority
class causing poor accuracy for minority class (Tan et al., 2015; Dietterich and Bakiri,
1991). Majority class has a large number of examples as compared to minority class in an
imbalanced dataset. An uneven distribution of class in the training procedure can leave
the poor precision for the minority class (es) however high accuracy for majority
class (es). Classical classification algorithms do not produce good results in case of
imbalanced datasets as they are developed to generalise from training data samples and
produce the easiest hypothesis that fits the data.
Various solutions have been put forward to handle the class imbalance problem at
data as well as algorithmic level. Data level approaches balance the skewed class
distribution using a pre-processing step such as sampling. The algorithmic approaches try
to modify classical algorithm by adding bias to the minority class examples. Besides, cost
sensitive (Freitas et al., 2007) as well as ensemble techniques such as BEV (Li, 2007),
SMOTEBoost (Chawla et al., 2003) have emerged as prevalent and key means to handle
class imbalance problem efficiently. Nonetheless, most of researchers so far have
developed the approaches on two-class imbalance problems in the literature.
Many real life problems consist of more than two classes with skewed class
distributions, such as protein fold classification (Zhao et al., 2008; Chen et al., 2006; Tan
et al., 2003) and weld flaw classification (Liao, 2008). These multiclass imbalance
problems face new challenges that are not spotted in binary class problems. Zhou et al.
demonstrated that adding of misclassifications costs to different classes in multiclass
problems is tough as compared to binary class problems (Jin and Zhang, 2007).
Consequently, researchers have tried to find how to make use of theoretical and empirical
performance advantages of two class algorithms for problems having multiple classes.
One conventional approach performing so is to use class decomposition methods. These
methods split the multi-class problems into a group of binary class problems. As a result,
researchers may train classical two-class classifiers on every set of binary problems that
can later on be fused into an ensemble to resolve multiclass classes present in the dataset.
These techniques include ‘one-versus-all’ (OVA) and ‘error correcting output codes’
(ECOC) (Dietterich and Bakiri, 1991). OVA method builds ‘C’ classifiers, if dataset
consists of C classes. Each classifier in OVA assumes one of the classes as positive class
and rest are considered into negative class. For each test instance, all classifiers return a
probability estimate for the instance. Then, result will be computed by overall probability
estimate. ECOC method employs error correcting codes to learn a decomposition
ensemble of classifiers. Although these approaches are able to resolve multiple class
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issue, these methods provoke imbalanced distributions (Tan et al., 2003). Moreover,
fusing results from different classifiers for different sub problems may generate errors to
classify the examples (Jin and Zhang, 2007; Valizadegan et al., 2008). Consequently,
there is a need to design a more effective and efficient method to handle multiclass
imbalance problems (Purwar and Singh, 2014). In this paper, we intend to design an
approach to tackle multiclass imbalanced problem.
The rest of this paper is organised into four sections. Section 2 describes the research
progress in imbalanced learning. Section 3 introduces a proposed approach to classify the
data in the presence of skewed class distribution. Section 4 shows the experimental
studies of the proposed approach with the results. Lastly, Section 5 concludes this paper
with future directions.

2

Review of imbalanced classification

Class distributions, i.e., the ratio in which number of instances are present in the dataset,
have a significant role in learning of classifiers. Class imbalance problem arises when
examples of one class (majority) are overrepresented as compared to second class
(minority). Numerous approaches developed by the researchers can be categorised into
three categories namely data group, algorithmic group and cost sensitive group. Data
group approaches make use of a pre-sampling method. Different strategies of
pre-sampling alter skewed class proportions (Chawla et al., 2003; Lin et al., 2013; Tao
et al., 2006). These pre-sampling methods remove imbalance class distribution in the
training dataset. These do so either by oversampling the minority class or by under
sampling the majority class. In particular, random oversampling (ROS) method generates
minority class examples randomly. The use of ROS may also bring in redundancy and
trigger over-fitting (He and Garcia, 2009). As an alternative of randomly duplicating
examples, synthetic minority oversampling technique (SMOTE) (Chawla et al., 2003;
Anil Kumar and Ravi, 2008) and its enhanced forms namely Borderline-SMOTE (Han
et al., 2005) and adaptive synthetic sampling (Adasyn) (He et al., 2008), produce
synthetic samples for the minority class which make the decision boundary more general.
Whereas, undersampling methods, such as random undersampling (RUS) and one-sided
selection (OSS) (Kubat and Matwin, 1997) trim majority class examples and make
distribution of classes balanced. In the algorithmic group, existing approaches are
modified to take into account the importance of minority examples (Quinlan, 1991;
Zadrozny and Elkan, 2001; Wu and Chang, 2005). Finally, cost-sensitive approaches
combines data as well as algorithm approaches (Freitas et al., 2007; Chawla et al., 2008).
In addition to this one, ensemble classifiers are employed to get better performance of a
single classifier. Adaboost and bagging are the most common ensemble classifiers (Wang
and Yao, 2012). Zhang et al. (2014) also designed a novel ensemble classifier IRUST
using Inverse random sampling and random tree (IRUST) to create more diversity in
feature subspace. Meanwhile, they have advised to generalise it to multiclass imbalanced
datasets. The feature selection approaches (Zheng et al., 2004; Wasikowski and Chen,
2010) have also been investigated to deal the class imbalance problem where dataset
consists of high-dimensions.
Aforementioned approaches were mainly designed for two-class problems of
imbalanced datasets, while their efficiency was not tested well for multiclass problems.
Sun et al. (2006) proposed a cost-sensitive ensemble algorithm, named AdaC2.M1genetic
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to handle multiclass problems in which they employed genetic algorithm to explore the
best cost setup for of each class. To deal with multiclass problem, a novel negative
correlation-based algorithm, known as AdaBoost.NC was designed by Wang and Yao
(2012) in which a negative correlation learning, is added to basic AdaBoost. However,
establishing a cost matrix for a class imbalance problem in such methods is a tough task.
It has been proved that cost-sensitive methods are not realistic as one would expect for
imbalance classification problems (Sun et al., 2006).
There exist some cost free learning approaches in the class imbalance problems.
Zhang and Hu (2014) developed a cost insensitive approach as cost free learning (CFL)
that makes the best use of normalised mutual information of the targets as well as
decision results of classifiers. They had applied Powell algorithm to optimise normalised
mutual information that is a non-linear optimisation without calculating the derivatives.
But, this approach adds an extra computational cost over the existing techniques.
Another set of techniques arises when the use of ensembles of classifiers is taken into
consideration. Ensembles are developed to enhance the power of weak classifier as it
improves the accuracy of the prediction model extensively. It has also been also proved
to be useful to handle the imbalanced dataset problem (Tao et al., 2006; Abdi and
Hashemi, 2013). Diversity and accuracy are two crucial factors in designing of ensemble
classifier (Chandra and Yao, 2006; Ho, 1998). These factors look for most suitable subset
of classifiers that are precise while making their predictions. Moreover, they are capable
of producing a tolerable diversity if fused together as an ensemble classifier (Abdi and
Hashemi, 2013).Therefore, an ensemble classifier which has high accuracy, is composed
of highly accurate and diverse ensemble members. Abdi and Hashemi (2013) had
designed genetic algorithm-based ensemble pruning algorithm (GAB-EPA) to handle
multi-class problems that use weighted vote of ensemble members for the prediction of
test instance. Further, Li et al. also developed adaptive multiple classifier system to
handle the problem due to imbalanced lanced classes (Yijing et al., 2016).
We have used sampling, feature selection as well as ensemble technique and designed
SA-GABEC that combines sampling with genetic algorithm and uses C4.5 as base
classifier to develop an ensemble classifier.

3

Proposed algorithm: SA-GABEC

This paper proposes sampling with Genetic algorithm based ensemble classifier
(SA-GABEC) to handle imbalanced classes in predictive classification present in the
dataset. Proposed algorithm is developed by fusing sampling with genetic algorithm to
tackle imbalanced problem present in multiclass datasets. Sampling is done like
asymmetric bagging proposed by Tao et al. (2006) to deal class imbalanced problem.
This method firstly undersamples the minority class and creates multiple balanced
training sets (multiple designs). These different designs are used to train the model.
Random subspace method (Ho, 1998) makes use of bootstrapping and aggregation as
bagging does. In contrast to bagging (Akour et al., 2017) that bootstraps training samples,
random subspace method bootstrap the features present in the dataset. Therefore, we have
employed genetic algorithm to generate different feature subspaces from bootstrapped
sample set to provide the diversity. C4.5 classifier is used as a base classifier. The
pseudo-code of SA-GABEC is illustrated in Algorithm 1.
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Algorithm 1 Proposed algorithm: SA-GABEC
Step 1:

Build M sets (models) of training datasets. Each set consists of Nmin samples present
in minority class along with Nmax samples from each remaining classes using
sampling with and without replacement. The value M is calculated by the following
equation.
N

M   maj
N min 


(1)

where, Nmaj and Nmin shows the count of instances in the largest majority class and
smallest minority class of training dataset respectively. Nmax is the number of
instances from other classes (except smallest minority class) whose value is same as
Nmin.
Step 2:

Apply the genetic algorithm on each set to find the optimal set of features.
Generate initial population of size N by creating randomly and evaluated using a
fitness function. Each individual (chromosome) in the population has length L. Each
chromosome is a binary string of 1 and 0. The value ‘1’ specifies that feature indexed
by particular position in chromosome is present and ‘0’ shows that feature is not
present at that position.
For each generation, do the following steps till the stopping condition (Stall Limit and
Number of generations) meets:
a

Choose best parents, do crossover and apply mutation.

b

Generate new population N by elite, crossover and mutation children.

c

Calculate fitness of all chromosomes using KNN (K-nearest neighbor).

d

Transfer N best chosen individuals to create new population for next generation.

Step 3:

Train these M models (after feature selection) using C4.5 algorithm.

Step 4:

Allocate a weighted score to each model in ensemble using its averaged receiver
operating characteristics (ROC) of multiple classes, and then normalise the weights
using following equation.
wi 

AUCi



M
i 1

AUCi

(2)

1  True Positive Rate(TPR )
 False Positive Rate( FPR)
AUC ( Area under ROC Curve) 
2
where TPR = TP / (TP + FN) and FPR = FP / (FP + TN)
TP, FN, FP, TN are true positive, false negative, false positive and true negative
respectively which are outcomes of a binary classifier.
Step 5:

For each test data, class of each testing instance will be obtained with majority /
weighted vote of these models.

Further, we also have modified SA-GABEC shown in Algorithm 2. It is a modified
version of Algorithm 1. Modified SA-GABEC applies the genetic algorithm in the step 1
and then applies sampling (i.e.) after the step 1. Algorithm 2 stands on concept that the
size of the different training dataset after sampling may be lower than total numbers of
features in the dataset, that may lead to problem of overfitting. To avoid the problem of
overfitting, feature selection may be applied to the imbalanced dataset before sampling.
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To tackle the feature selection, we have chosen meta heuristic algorithm as genetic
algorithm in our proposed work. As it is one of most enveloping heuristic search
technique to get the best optimised solution for a given problem based on inheritance,
mutation, selection and some other techniques.
Algorithm 2 Proposed modified SA-GABEC
Step 1:

First, apply the genetic algorithm on entire training dataset to find the optimal set of
features as done in step 2 of SA-GABEC.

Step 2:

Build M sets (models) of training datasets using equation 1 from dataset obtained
from above step.

Step 3:

Do similar to SA-GABEC.

Step 4:

Do similar to SA-GABEC.

Step 5:

Do similar to as SA-GABEC.

4

Experimental studies

4.1 Datasets
We had accomplished experiments to assess the efficiency of designed method
SA-GABEC. We have also compared it with existing methods such as bagging, boosting
and GAB-EPA approach) (Wang and Yao, 2012; Abdi and Hashemi, 2013) on two
datasets. These were gathered using the UCI machine learning repository (Frank and
Asuncion, 2010). Table 1 shows the main characteristics of the datasets used in our
experiments. For each dataset, it records name, number of classes, number of instances,
number of features, and class distribution. Class distribution column shows the count of
instances for every class separated by ‘/’.
Table 1

Characteristics of benchmark datasets

Name of
dataset

Number of
classes

Number of
instances

Number of
features

Class distribution

Dermatology

6

366

34

112/72/61/52/49/20

Satimage

6

6,435

36

1533/703/1358/626/707/1508

4.2 Experimental settings
To test the efficiency of proposed work, we used twenty and eighty percent of data for
testing and training respectively.
The genetic algorithm used in proposed method was implemented using Matlab
software with version R2013. The initial population (N) is chosen as 100. Length of
chromosome (L) is set as number of features present in dataset. The stopping condition
for genetic algorithm is set by using stall limit and maximum number of generations
whose value is set as 150 and 300 respectively. The value of other parameters such as
crossover, probability of crossover, mutation , mutation probability, selection scheme,
elite count are set as arithmetic crossover, 0.8, uniform mutation, 0.1, tournament size of
2 and two respectively.
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Selected features of different sets of dermatology dataset for Algorithm 1

Model

Selected features with index no.

1

1, 3, 4, 5, 6, 7, 10, 14, 15, 16, 17, 18, 21, 23, 25, 27, 30, 33

2

1, 2, 4, 6, 8, 9, 11, 13, 15, 16, 17, 25, 26, 27, 28, 30, 31

3

5, 6, 9, 10, 12, 13, 18, 19, 21, 26, 30, 31, 32

4

1, 2, 4, 6, 8, 9, 11, 13, 15, 16, 17, 25, 26, 27, 28, 30, 31

5

2, 4, 5, 7, 9, 10, 13, 14, 18, 21, 23, 26, 27, 28, 30, 33

6

1, 3, 4, 5, 6, 7, 8, 9, 10, 12, 13, 14, 15, 18, 21, 23, 27, 28, 30, 33

The results after applying genetic algorithm on different sets of proposed Algorithm 1 are
mentioned in Table 2 for dermatology dataset. Each model after extraction of features is
trained using base learner J48 and weighted ROC using Weka is calculated shown in
Table 3. We have implemented J48 classifier in Weka (Witten and Frank, 2005), with the
default settings such as confidence factor, minimum number of instances in leaf node and
others.
Table 3
Model
1
2
3
4
5
6
Table 4

Weighted ROC and normalised ROC of models for dermatology dataset using
Algorithm 1
Weighted ROC

Normalised ROC

0.938
0.951
0.972
0.983
0.913
0.961

0.156
0.159
0.162
0.164
0.152
0.16

Selected features of dermatology dataset for Algorithm 2

Index no. of selected features
2, 4, 5, 6, 8, 10, 11, 13, 15, 16, 18, 19, 21, 23, 25, 27, 28, 31
Table 5

Selected features of satimage dataset for Algorithm 2

Index no. of selected features
4, 5, 10, 12, 18, 20, 25, 27, 33, 36
Table 6
Model
1
2
3
4
5
6

Weighted ROC and normalised ROC of models for dermatology dataset using
Algorithm 2
Weighted ROC

Normalised ROC

0.928
0.976
0.952
0.91
0.938
0.951

0.164
0.173
0.168
0.161
0.166
0.168
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Weighted ROC and normalised ROC of models for satimage dataset using
Algorithm 2

Model

Weighted ROC

Normalised ROC

1

0.937

0.329

2

0.996

0.349

3

0.915

0.321

We have also done experiments to assess the efficiency of the Algorithm 2. Features
obtained after applying genetic algorithm on datasets using proposed Algorithm 2 are
shown in Tables 4 and 5 for dermatology and satimage datasets respectively. ROC scores
of each model (using weka) after applying the C4.5 are tabulated in Tables 6 and 7.

4.3 Evaluation metrics
In case of imbalanced learning scenario, traditional evaluation metric such as
classification accuracy (Sakthivel et al., 2011; Mokeddem et al., 2016; Purwar and Singh,
2015) is not an appropriate choice because results may be biased toward the majority
class (Chawla et al., 2003; He and Garcia, 2009). For example, when a smallest class is
characterised by only 1% of training data, it is expected to attain a high accuracy of`99%.
However; this output is misleading to those problems such as credit fraud detection
where our focus is to classify the smallest class correctly. Hence, we have adopted two
major assessment metrics for analysis shown by (3) and (4).

4.3.1 Recall (Abdi and Hashemi, 2013)
Recall is a single class performance and it is a measure of completeness. It is capable of
finding that how many instances are correctly labelled by the classifier.
Recall 

TPj
TPj  FN j

(3)

where
j

1, 2.., C

C

count of classes in dataset

TPj count of correctly classified instances of class j
FNj count of misclassified instances of class j.

4.3.2 Extended G-mean (Sun et al., 2006)
Extended G-mean is an evaluation metric to evaluate the overall performance of a
classifier in case of multiple classes (Wang and Yao, 2012). It shows that how good a
classifier can balance the identification among different classes.

Extended G  mean  C



C
j 1

Recall

(4)
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4.4 Results and analysis
We have assessed the performance of proposed Algorithm 1 and its modified version,
i.e., Algorithm 2 on benchmark datasets under study in terms of recall mentioned in
Tables 8, 9 and 10 respectively. Results show that recall of the minority class (class
having minimum instances) is 1 and 0.8 for dermatology and satimage datasets
respectively. It indicates that every instance of minority class for dermatology dataset and
80% of minority instances for satimage dataset are correctly classified. Proposed
algorithm is also compared with existing methods namely bagging, boosting and
GAB-FPA using extended G-mean metric and recall of minority class. Comparison
results are summarised in Tables 11 and 12. It is apparent from tabulated results that
recall of minority class is improved by Algorithm 2 as compared to other methods.
Table 8

Recall values for each class in dermatology dataset for Algorithm 1

Class

Recall

Psoriasis

0.86

Seboreic dermatitis

0.80

Lichen planus

0.90

Pityriasis rosea

0.85

Cronic dermatitis

1

Pityriasis rubra pilaris (minority class)

1

Table 9

Recall values for each class in dermatology dataset for Algorithm 2

Class

Recall

Psoriasis

1

Seboreic dermatitis

0.88

Lichen planus

0.90

Pityriasis rosea

1

Cronic dermatitis

1

Pityriasis rubra pilaris (minority class)

1

Table 10

Recall values for each class in satimage dataset for Algorithm 2

Class

Recall

Red soil

0.98

Cotton crop

0.96

Grey soil

0.95

Damp grey soil (minority class)

0.80

Soil with vegetation stubble

0.95

Very damp grey soil

0.87
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Minority class (smallest class) recall and G-mean by bagging, Adaboost, GAB-EPA,
and proposed method for dermatology dataset
Recall (minority class)

G-mean

Reference

Proposed method-Algorithm 2

1.0

0.96

Proposed method-2

Proposed method-Algorithm1

1.0

0.90

Proposed method-1

GAB-EPA

0.80

0.93

Abdi and Hashemi (2013)

Adaboost

0.92

0.92

Witten and Frank (2005)

Bagging

0.80

0.73

Witten and Frank (2005)

Table 12

Minority class (smallest class) recall and G-mean by bagging, Adaboost, GAB-EPA,
and proposed method for Satimage dataset
Recall (minority class)

G-mean

Reference

Proposed method-Algorithm 2

.80

0.96

Proposed method-2

GAB-EPA

0.60

0.87

Abdi and Hashem (2013)

Adaboost

0.57

0.85

Witten and Frank (2005)

Bagging

0.56

0.85

Witten and Frank (2005)

5

Conclusions with future work

A new sampling with Genetic algorithm based ensemble classifier, SA-GABEC and
modified SA-GABEC are designed to tackle class imbalanced problem of classification.
The key characteristics of SA-GABEC are three fold. First, it creates the multiple sets by
using sampling with and without replacement such that each set consists of all the
samples of minority class. Secondly, it applies genetic algorithm on these training sets to
get the possible set of features of a given dataset. Finally extracted feature set from each
training model is used for learning purpose of classifier and then merge them through
normalised ROC. Modified SA-GABEC first applies the genetic algorithm on the dataset.
Then, it applies undersampling the majority class (es) to produce different datasets that
are used in learning process of the classifier. Lastly, different designs are fused together
to test the training dataset. Proposed approaches are assessed through Recall and
extended G-mean over two datasets. Results have shown that modified SA-GABEC is
performing better than SA-GABEC and other existing methods taken under study.
In future, we will focus to investigate performance of SA-GABEC with different base
classifier other than C4.5 (used in this work) like nearest neighbour, bayesNet, support
vector machine, neural network and others. Further, different combination of base
classifiers in each training model of proposed algorithm could be examined such as C4.5
with SVM and MLP. In addition to this, impact of noise on proposed approach can also
be examined.
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