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Abstract. In domain of data mining, learning from imbalanced class distribution
datasets is a challenging problem for conventional classifiers. The class imbalance
exists when the number of samples of one class is much lesser than the ones
of the other classes. In real-world classification problems, data samples often
have unequal class distribution. This problem is represented as a class imbalance
problem. However, many solutions have been proposed in the literature to improve
classifier performance. But recent works entitlement that imbalanced dataset is not
a problem in itself. The degradation of classifier performance is also linked with
many factors like small sample size, sample overlapping, class disjunct and many
more. In this work, we proposed cluster-based under-sampling based on farthest
neighbors. The majority class samples are selected based on the average distance
to all minority class samples in the cluster are farthest. The experimental results
show that our cluster-based under-sampling approach outperform with existing
techniques in the previous studies.
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1 Introduction

In the current big data era, data mining and machine learning play a vital role in effec-
tive decision making. Among that classification is one of the important techniques most
widely used for various application from healthcare to a business decision such as
bankruptcy prediction [1], cancer prediction [2], churn prediction [3], face detection
[4], fraud detection [5], and software fault prediction [6]. In general, the performance
of the classifier is associated with data distribution. If equal or balanced distribution of
data will increase the performance of the classifier. However, most of the real world is
usually skewed in nature, i.e., the number of samples from one class will be more than
the other class. For example, for binary classification, if one class has 1000 samples
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(majority samples/negative samples) and the other class has 100 samples (minority sam-
ples/positive samples) will lead to bias when trained on classification algorithm. The
skewed distribution of data is not a problem in itself. Apart, small sample size, small
disjunct, sample overlapping, etc., will degrade the performance of the classifier.

To address the problem of class imbalance, the machine learning community
has relied upon three techniques in general consist of data pre-processing technique,
algorithm-level technique and ensemble learning technique.

e Data pre-processing: In these techniques, the skewed data is balanced prior to training
on a classifier. These techniques are simple and easy to implement. The most popular
data pre-processing technique is sampling. The sampling method consists of over-
sampling and under-sampling techniques. In oversampling, synthetic data samples
are generated for minority samples to balance the distribution. Some of the oversam-
pling techniques are Random OverSampling (ROS), Synthetic Minority Oversampling
Technique (SMOTE). For under sampling, the majority samples are discarded to bal-
ance the distribution. Some of the techniques are Random Under Sampling (RUS),
Tomek Link.

e Algorithm-level: In these techniques, the existing algorithms are modified by apply-
ing or adjusting the weights or including of loss function. It implements within the
algorithm itself during the learner phase.

e Ensemble or Hybrid level: In these techniques, the combination of data level and
algorithm level techniques are used to provide solutions for class imbalance problems.
It allows multiple classifiers to be modeled at the same time and create a final model
to generate better accuracy.

Hence, the organization of this paper is follows as. Section 2 discusses the related
work in imbalance classification problem. Section 3 presents the methodology of the
proposed work. Experiments and Results are discussed in Sect. 4. Section 5 presents
concluding remarks.

2 Related Work

As specified in the introduction, the class imbalance problem is crucial and an effective
solution is much in demand. Since traditional classification algorithms are not designed
to be trained on imbalanced datasets. It basically leads to a series of problems, overfitting
of majority/negative classes and under fitting of positive/minority classes. Apart from
imbalanced nature, the other problems like small subsamples, overlapping of samples,
small disjunct, noise occur in the dataset. To handle class imbalance problems, broadly
three methods are been proposed in literature a. Data Level methods b. Algorithm-level
methods and c. Ensemble methods.

In data-level methods, data resampling is performed to balance the distribution of data
before training on a classifier. In algorithm-level methods, the traditional classification
algorithms are modified to handle imbalanced data either by adjusting cost or weights.
The third technique is ensemble methods where multiple classifiers are trained and the
majority voting method is used to select the best classifier.



Cluster-Based Under-Sampling Using Farthest Neighbour Technique 37

As suggested in the literature, rebalancing the datasets at the data-level is simple and
effective to avoid the bias in classification [27]. It is a pre-processing technique used
to balance the data before training on a classifier. The common sampling methods used
to balance the skewed distribution are Oversampling and under-sampling techniques.
In oversampling, the minority samples/positive samples are resampled to generate syn-
thetic data to meet the size of the majority class whereas, in under-sampling, the majority
samples are discarded to meet the size of the minority class. The major drawback of the
former is duplication of data generation and for the latter loss of important informa-
tion. To overcome the drawback of oversampling, the Synthetic Minority Oversampling
Technique (SMOTE) [9] has been proposed in the literature. It is one of the most pop-
ular and efficient technique. SMOTE generates synthetic data from its minority class
sample neighbor using Euclidean distance. But, the major drawback is that the synthetic
samples may overlap with its surrounded majority samples. To address this particular
weakness may extend the version of SMOTE has been proposed by the research commu-
nity, for example, Borderline SMOTE [10], MSMOTE [11] and etc. on the other hand,
the under sampling technique may discard important or representative samples from the
datasets. Kubatet al. [12] adopted one side selection to under-sampling the majority class
by removing noise, boundary and redundant samples. Estabrooks et al. [13] proposed
over-sampling and under-sampling techniques with different sampling rates to generate
many sub-classifiers and finally integrated it. The results showed a better performance
compared to ensemble methods.

In Algorithm-level, the class imbalance is addressed by directly modifying the clas-
sification algorithm or using different misclassified costs. These methods depend on
the classifier to enhance classifier performance. Wu and Chang [14] proposed a method
called Kernel-Boundary Alignment (KBA). KBA is based on Radial Basis Function
(RBF) to compute the distance between all data points and also for class distribution.
In [15], the author proposed a Confusion Matrix based Kernel LOGistic Regression
(CM-KLOGR) for handling class imbalanced datasets. CM-KLOGR applied weighted
harmonic mean to measure the performance metrics from the cost matrix. In recent
years, Deep learning has become a popular research topic for feature representation.
Khan et al. [16] proposed a Cost-Sensitive (CoSen) deep neural network to learn fea-
ture representations focused on image datasets. Dong et al. [17] proposed incremental
minority class discrimination using a multi-label classification problem in deep learning
to address class imbalance problem.

The ensemble techniques are popular techniques in handling class imbalance prob-
lems. They work by learning on multiple base classifiers and then it adopts an ensemble
technique to improve the performance of the classifier. The most popular and frequently
used ensemble approaches are bagging (bootstrap aggregating) [18], stacking [19] and
boosting [20] techniques. Several researchers devised novel approaches that combine
either oversampling or under sampling techniques into the ensemble framework. The
variation of boosting includes SMOTEBoost [21], RUSBoost [22], DataBoost-IM [23]
algorithm. The SMOTEBoost algorithm is an integration of SMOTE technique with
AdaBoost algorithm and RUSBoost is an integration of RUS technique with AdaBoost
algorithm. The DataBoost-IM algorithm combines AdaBoost with Gaussian distribution
to generate synthetic samples. Rekha et al. [28] proposed a noise filtering approach to
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remove the noise samples from the dataset and compared the performance using boosting
and bagging techniques with and without noise filtering.

The bagging approach is similar to the boosting approach but bagging implements
several sub-classifiers and selects the best classifier based on majority voting. The varia-
tions of bagging include UnderBagging (UB) [24], SMOTEBagging [25] and many more.
UnderBagging adopts under-sampling to discard the majority samples and SMOTEbag-
ging integrates smote with bagging techniques. Galar et al. [26] have provided a sys-
tematic review of ensemble techniques for class imbalance problem. They proposed a
taxonomy for boosting, bagging approaches.

In the past lot of research work is focused on under-sampling the majority class
sampling, oversampling the minority samples or tuning the parameters at the algorithm.
But it is very important to recognize the majority of samples that are not overlapped with
minority samples. To avoid the loss of important information while under sampling the
majority samples, it is better to pick the majority samples based on its existence with that
of minority samples. Hence, this section discusses about the related work for handling
skewed distribution of data. Now, next section will deal with the proposed methodology
using cluster-based techniques in addressing class imbalance problem.

3 Proposed Methodology

Majority samples are selected based on how well-suited the majority samples are with
the minority samples by keeping the minority samples as a whole. In class imbalance
problems, the majority/negative samples are overwhelmed the minority class samples
and it’s important to find the bias majority class samples as it may suffer the classification
accuracy. Over-sampling techniques may crowd the minority samples by generating syn-
thetic data but may cause overlapping between the samples. Under-sampling may discard
the majority samples to meet the size of the minority samples. Some under-sampling
techniques adopted clustering and instance selection methods. The major concern of
under-sampling is how to reduce the majority samples in an effective way. In our pro-
posed work, the majority class samples are selected based on the average distance to all
minority class samples in the cluster are farthest.

In Fig. 1, the data points are represented using clusters and in each cluster, we cal-
culated the distance between the majority data point with all the minority class samples.
Based on the farthest average distance majority samples have been picked. In our work,
we applied a Euclidean distance formula to calculate the distance between data points.

Figure 2 shows the proposed model. The entire data is been grouped using the k-
means clustering approach. The value of k varies from 3 to 5 to check the best partition of
data into different clusters. Once the clustering process is done, the selection of majority
samples has been performed as mentioned above. Next, the selection majority samples
are combined with minority samples to perform classification. Finally, the classifier is
tested based on the test data to check the accuracy of the model. Hence, this section
discusses proposed methodology in detail. Now, next section deal with the experimental
and simulation results for the proposed methodology.



Cluster-Based Under-Sampling Using Farthest Neighbour Technique 39

Fig. 1. Representation of majority and minority samples

Original Datasets Clustering of Data

Discard the
majority samples
based on distance

Train the Dataset
on a classifier

Prediction

Fig. 2. The proposed model

4 Experimental and Simulation Results

In this section, we conducted the experiment on 10 datasets from keel repository’.
The whole experiment is tested and verified using a 10-fold cross-validation technique.
Table 1 shows the datasets used in the experiment. All the experiment has been run using
the Decision tree algorithm.

1 https://sci2s.ugr.es/keel/imbalanced.php.
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Table 1. Datasets with their characteristics

Datasets Size |# attr | % IR
Ecoli 336 7 3.36
Glass 214| 9 6.38
Haberman 306 3 2.78
Iris 150| 4 2
New-thyroid | 215 5 5.14
Pima 768 | 8 1.87
Satimage 643536 |9.28
Shuttle 1829 | 9 13.87
Vehicle 846 | 18 3.25
Wisconsin 683| 9 1.86
Ionosphere 351 |34 1.79

The evaluation criteria for imbalance problems are considered based on the confusion
matrix. The different formulas for evaluation metrics are provided in Egs. 1 to 5.

. TP
Precision = —— (1)
TP + FP
TP
Recall / Sensitivity = ———— 2
ecall / Sensitivity TP TN )
Specificit ™ 3)
ecificity = —————
peeey = IN PP
2 « precision * recall
F-Measure = — “)
precision + recall
TP TN
GMean= [|—— )+ | (&)
TP +FN TN + FP

In this paper, the performance of the proposed method is investigated on two
evaluations metric such as F-Measure and G-Mean.

4.1 Results

We applied the proposed method on 10 datasets and used F-Measure and G-Mean as
the performance metrics. In the experiments, we had trained the model using original
data with any sampling technique. Additionally, we performed random oversampling,
under-sampling and SMOTE on the data. All four methods are used to compare our
proposed model. The experiments are carried on the Decision tree algorithm (C4.5) with
10-fold cross-validation. The experimental results are presented in Table 2 and 3 and the
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Table 2. F-Measure performance results
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Data set Original dataset | Random Random SMOTE | Proposed
oversampling | under-sampling method
Ecoli 0.9234 0.9197 0.9191 0.9232 0.9269
Glass 0.9456 0.9717 0.9911 0.9832 0.9912
Haberman 0.6795 0.6805 0.6800 0.6824 0.6838
Iris 0.9812 0.9832 0.9842 0.9812 0.9811
New-thyroid |0.9234 0.9197 0.9191 0.9232 0.9269
Pima 0.8245 0.8241 0.8225 0.8238 0.8248
Satimage 0.7618 0.7611 0.7610 0.7613 0.7625
Shuttle 0.8677 0.8695 0.8698 0.8684 0.8688
Vehicle 0.9732 0.9736 0.9702 0.9835 0.9809
Wisconsin 0.9132 0.9182 0.9210 0.9213 0.9234
Ionosphere 0.8386 0.8420 0.8111 0.8372 0.8511

graphical representation of F-measure and G-mean performance is presented in Fig. 3
and 4. Among the 10 datasets, the proposed model achieved the best performance on 8

datasets.

Hence, this section presents experimental and simulation results of our proposed

model. In which we provide some valid and efficient results. Now, next section will
conclude this work in brief by providing some future enhancements.
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Fig. 3. F-Measure performance
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Table 3. G-Mean performance results

Data set Original dataset | Random Random SMOTE | Proposed
oversampling | under-sampling method
Ecoli 0.9332 0.9197 0.9196 0.9232 0.9269
Glass 0.9145 0.9771 0.9819 0.9723 0.9819
Haberman 0.6982 0.6805 0.6800 0.6823 0.6838
Iris 0.9718 0.9820 0.9842 0.9821 0.9811
New-thyroid | 0.9342 0.9291 0.9395 0.9132 0.9299
Pima 0.8342 0.8453 0.8532 0.8538 0.8548
Satimage 0.7698 0.7691 0.7690 0.7693 0.7725
Shuttle 0.8167 0.8169 0.8169 0.8168 0.8288
Vehicle 0.9834 0.9836 0.9820 0.9835 0.9849
Wisconsin 0.9232 0.9282 0.9220 0.9223 0.9234
Ionosphere 0.8386 0.8421 0.8432 0.8372 0.8589
lonosphere ! Ecoli
0.8

Wisconsin Glass Original dataset
Random
Vehicle Haberman Random
SMOTE
Shuttle Iris Proposed Method
Satimage new-thyroid

Pima

Fig. 4. G-Mean performance

5 Conclusion

In real-world classification problems, imbalanced data occurred in different applica-
tion domains and received considerable attention from the research community. The
degradation of classifier performance is also linked with many factors like small sam-
ple size, sample overlapping, class disjunct and many more. In this work, we proposed
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cluster-based under-sampling based on farthest neighbors. The majority class samples
are selected based on the average distance to all minority class samples in the cluster
are farthest. The experiment results indicate that the proposed work outperforms other
sampling methods. Hence, in future we want to perform the experiments using ensemble
classification algorithms and also apply for real time datasets.
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