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Abstract Imbalanced dataset is a dataset, in which the number of samples in

different classes is highly uneven, which makes it very challenging for classification,

i.e., classification becomes very tough as the result may get biased by the dominat-

ing class values. But misclassification of minor class sample or interested samples

is very much costlier. So to provide solution to this problem, various studies have

been made out of which sampling techniques are successfully adopted to preprocess

the imbalance datasets. In this paper, experimental comparison of two pioneering

sampling techniques SMOTE and MWMOTE is simulated using the classification

models SVM, RBF, and MLP.
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1 Introduction

The dataset, in which the ratio of number of samples in major and minor classes

is very high, is called imbalanced dataset. This imbalanced nature of dataset is

undesirable for a good classification because classifier shows very good result for

major datasets but poor result for the minor datasets, i.e., the classifier could not

be trained for minor class properly. But misclassification of minor class sample is

much more costlier than major class sample, i.e., classification of minor class sam-

ple with high accuracy is very much essential. Unfortunately, most of the real-world

applications like fraudulent transaction detections, detecting network intrusion, Web

mining, medical diagnostics, and many other find imbalanced data. And it is always

very much essential to give justice to the minor class. Various solutions have been

proposed till date to eradicate the imbalanced nature. The solutions might be in data
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level or in algorithm level. At data level, sampling is considered as a major technique

to handle imbalance nature of dataset. Data are sampled to bring balance between

uneven classes. Broadly, the sampling techniques can be classified into two cate-

gories: undersampling and oversampling. Using undersampling, the size of majority

class can be reduced to match with the minority class. But in this approach, there is

a chance of losing important samples. So, in many cases, oversampling is adopted

instead of undersampling, whereby generating new synthetic samples, the size of

minority class can be developed.

1.1 Literature Survey

Significant works have been done to handle the imbalance nature of datasets. Sam-

pling is one of the major techniques which have been adopted highly by researchers.

In SMOTE (Chawla 2008), the dataset is oversampled by creating synthetic exam-

ples of minority class. Synthetic samples are generated by considering the feature

sample (Minor sample) and its k-nearest neighbor. K value is chosen depending

upon how many synthetic samples you need to generate. The difference between

the featured sample and nearest neighbor is taken and it is multiplied with a ran-

dom value in the range (0, 1). This result is added with the same featured sample

to generate the synthetic sample. This is how it makes the region of minor samples

more general [1]. Many variations of SMOTE have been mentioned here. Chawla

et al. [2] proposed SMOTEboost that combines the features of SMOTE and boost-

ing to focus more on difficult examples that belong to the minority class than to

the majority class. It gives higher weight to synthetic samples and thus adjusts the

imbalance nature [2]. Unlike SMOTE, which generates the synthetic samples from

every minor sample, MSMOTE method by Hu et al. [3] considers the distribution

of minority class samples and latent noise in the dataset. It eliminates those noisy

samples [3]. Maciejewski and Stefanowski [4] proposed LNSMOTE which is more

careful about choosing the local neighborhood to avoid the overgeneralization cases

of SMOTE [4]. Han et al. [5] proposed the method of Borderline SMOTE, in which,

instead of considering all the minor samples, only the examples on the borderline

and the ones nearby are used to generate synthetic samples as they prone to more

error, i.e., misclassification [5]. He et al. [6] proposed Adasyn algorithm that assigns

weight to minor samples. As per the algorithm, the samples which are more diffi-

cult to learn will be assigned a higher weight and more synthetic samples will be

generated from the samples having higher weight than others and this is how it tries

to bring justification [6]. MWMOTE [7] first identifies the difficult to learn minor

samples and assigns weight according to their distance from nearest majority class

samples. It also eliminates the noisy samples. Then, it generates the synthetic sam-

ples by forming clusters of minor samples. Now, the featured sample and the nearest

neighbor sample will be chosen from the same cluster. Hence, create more concrete

synthetic samples [7]. Jayashree and Gavya [8] have used oversampling technique

MWMOTE and undersampling technique SSO for better imbalanced learning [19].
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1.2 Objective

The objective of this paper is to study the performance of classifiers on imbal-

anced dataset before oversampling and after oversampling. Also, the two well-known

oversampling techniques, Synthetic Minority Oversampling Technique (SMOTE)

and Majority Weighted Minority Oversampling Technique (MWMOTE), have been

compared using three distinct classification models.

2 Classification Models and Sampling Techniques

2.1 Classification Models

In this paper, popular classification models like SVM and artificial neural networks

like MLP and RBF have been used for simulation.

SVM: Support vector machine is a supervised learning machine used to classify

two-class problems linearly. Multi-class problems can be modified or shaped to two-

class problems so that SVM can work with that too. SVM operates by construct-

ing a hyperplane between the two sets of data. It is very important to choose the

right hyperplane for better accuracy because the data near the borderline are most

difficult to learn. The hyperplane that has the largest distance to the nearest data

point is considered as the best hyperplane. Generally, the kernel trick is used to solve

the nonlinear problems. Different variations of the SVM have been developed and

tested by the researchers for imbalanced datasets. Tang et al. [14] proposed modified

SVM to handle imbalanced dataset and they found that among different variations of

SVM, GSVM-RU shows the best efficiency [14]. Another variation of SVM, z-SVM

of Imam et al. [15], maintains a good boundary between classes and the separator

line [15].

RBFN: Radial basis function network is another powerful supervised learning

machine which uses a radial basis function to train the neurons. It has a three-layer

architecture in which the input layer consists of the feature vectors which will be clas-

sified. Hidden layer uses a radial basis function, whereas the output layer deals with

weight vector to generate the actual output for the given input. Commonly, Gaussian

function is used as the radial basis function. Perez-Godoy et al. [16] experimented on

RBF with LMS and SVD for imbalanced dataset and found that SVD outperforms

LMS [16]. Haddad et al. [17] studied the effect of imbalanced training set size using

RBF and they found that with the increased size of imbalanced dataset, the classifier

performance degrades [17].

MLP: Multilayer perceptron uses backpropagation technique to train the network in

a supervised method. It has input layer, output layer, and in between number of hid-

den layers. It uses nonlinear activation functions to solve nonlinear problems. To get
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a right match of the input and output, the weight vector that has been provided at the

input layer is adjusted with the backpropagation of error to the neural network. Bruz-

zone and Serpico 1997 proposed a multilayer perceptron to classify the imbalanced

remote-sensing data and found improved speed and more stable result [8]. Oh 2011

modified the error function of MLP to update the weight value. Here, the weight

value of minority class intensifies and of majority class weakens, and hence avoids

the biasness in the imbalanced datasets [18].

2.2 Sampling Techniques

Sampling techniques are most popular and widely used techniques to handle imbal-

anced dataset problem. Here, it tries to balance the number of samples by dropping

few samples from majority class or adding new synthetic samples to minority class.

Two popular oversampling methods SMOTE and MWMOTE have been discussed

below. Instead of replication of the same data, if new synthetic samples will be gen-

erated, the region of minority class will become more broader, and hence learning

can become more generic.

SMOTE: SMOTE which is abbreviated for Synthetic Minority Oversampling Tech-

nique generates synthetic samples by considering k-nearest neighbors of each of the

minority samples. The value of k depends on how many number of synthetic samples

will be generated. The difference between the feature sample under consideration and

the neighboring sample will be computed which will be multiplied with a random

number between 0 and 1. This multiplication result will be now added with feature

sample in turn to create the synthetic sample.

MWMOTE: MWMOTE or Majority Weighted Minority Oversampling Technique

is another oversampling technique which is more cautious in choosing the minority

class samples to generate synthetic samples. Unlike SMOTE, it gives priority to

those minority class samples which are more difficult to learn. Experiment shows

that the samples which lie near border, the samples which are a part of a minority

cluster that is sparsely populated, are more difficult to classify. So at first, all difficult

to learn minority samples are identified. Next, their difficulty level is found out so

that it can be decided which minority sample will contribute how many numbers of

synthetic samples.

3 Performance Measure

Confusion Matrix Confusion matrix is a tabular representation of accuracy of a

classifier. Rows represent the true class, whereas the columns represent the predicted

class. TP stands for true positive, i.e., TP value says how many positive samples

(i.e., minority class samples) are identified correctly. FP (False positive) indicates

the number of positive samples misclassified. Similarly, TN value says the negative
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samples (majority class samples) that are classified correctly and FN represents num-

ber of negative samples that are misclassified. So the main diagonal of the matrix

shows how many samples are predicted correctly.

The traditional method to measure the accuracy, shown in Eq. 1, is not suitable

for imbalanced dataset:

OverallAccuracy = (TP + TN)
(TP + FN + FP + TN)

. (1)

In imbalanced dataset, more than 98% data belong to majority class set. So even

if the classifier failed to identify the minority class samples, it will show very high

accuracy. But high accuracy with correct identification of minority class set is very

much important. (For example, correct identification of one positive cancer sample is

highly necessary among 1 lakh negative samples. The misclassification of the same

is intolerably dangerous here.) Hence, various metrics listed from Eqs. 2–7 are used

for performance measure of classifier over imbalanced datasets.

TPR says out of total minority class samples, how many are classified correctly:

TPR(TruePositiveRateorRecallorSensitivity) = TP
(TP + FN)

. (2)

TNR measures how many majority class samples are correctly classified. High

TNR value is desirable for more majority class samples that are correctly identified:

TNR(TrueNegativeRateorSpecificity) = TN
(TN + FP)

. (3)

FPR or False Positive Rate indicates how many minority class samples are mis-

classified:
FPR = FP

(TN + FP)
. (4)

While TPR or recall says out of total actual minority class samples how many are

classified correctly, precision says out of total predicted minority class samples, how

many are actually belong to minority class:

Precision = TP
(TP + FP)

. (5)

Fmeasure is the harmonic mean of precision and recall, i.e., it gives the balance

between precision and recall. Its value will be high for high precision and high recall:

Fmeasure = (2 ∗ Precision ∗ Recall)
(Precision + Recall)

. (6)
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Table 1 Dataset description

Dataset name No. of

features

Total no.

of

samples

No. of

samples in

majority class

No. of

samples in

minority class

Imbalance

ratio

Wineequality 11 691 681 10 68.1

Poker 10 1477 1460 17 85.88

kddcup-rootkit-imap-vs 41 2225 2203 22 100.14

Gmean is the geometric mean, i.e., a kind of average of two parameters recall or

sensitivity and specificity:

Gmean =
√
Sensitivity ∗ Specificity. (7)

4 Dataset Description

In this paper, the simulation has been done on the openly available two-class datasets.

The datasets’ descriptions have been given in Table 1. Wineequality dataset has

total 691 samples out of which 681 samples belong to majority class, whereas only 10

samples belong to minority class. Hence, the imbalance ratio is here 68.1. It poses 11

numbers of feature. Next dataset, i.e., Poker which is having 10 features, is a bigger

dataset than the first one. It has 1460 samples in majority class and only 17 samples

in minority class. So here the imbalance ratio is 85.88. The third dataset kddcup is the

biggest one among three having more features and more imbalanced proportion of

majority and minority class samples. Here, out of total 2225 samples, 2203 samples

belong to majority class and only 22 samples belong to minority class. Hence, the

imbalance ratio is more than 100.

5 Simulation Study and Result

Different steps that are involved in the entire simulation process are shown below:

∙ Choosing the Datasets,

∙ Introducing Synthetic Samples,

∙ Modeling the Classifiers,

∙ Preparing the Training data and Testing data, and

∙ Measuring the performance.

Without oversampling, when the datasets are passed to these classifiers, it shows

very poor performance, i.e., the classifiers could not be trained for the minority class.

So for correct classification, datasets are oversampled to generate synthetic samples
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of minority class. For each dataset, two sets of oversampled data are generated using

SMOTE and using MWMOTE. As per previous studies, 200–400% sampling shows

good result, so here the dataset has been sampled to 400%.

Then the oversampled data are passed to the classifiers. Each dataset has been

distributed in 80:20 ratios for training and testing purpose. The outcome of each

classification model has been shown in separate table. Here, the simulation has been

done using the mathematical tool Matlab. The underperformance of classifiers with-

out sampling is very clear in Table 2. After sampling, significant improvement in the

performance is observed which has been shown in Tables 3, 4 and 5.

Among the three classification models, SVM is giving best result for the said

datasets. It is also found that MWMOTE sampling is giving better result than

SMOTE.

Table 2 Performance of classifiers without sampling

Dataset name Classification model Precision Recall

Wineequality SVM 0 0

RBF 0 0

MLP 0 0

Poker SVM 0 0

RBF 0 0

MLP 0.2 0.5

kddcup- rootkit- imap SVM 1 1

RBF 0 0

MLP 1 1

Table 3 Performance using SVM with sampling

Dataset name Sampling

method

Recall Precision Fmeasure Gmean

Wineequality SMOTE 1 0.75 0.8571 0.9928

MWMOTE 1 1 1 1

Poker SMOTE 1 0.5789 0.7333 0.9864

MWMOTE 1 1 1 1

kddcup-

rootkit-imap

SMOTE 1 1 1 1

MWMOTE 1 1 1 1
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Table 4 Performance using RBF with sampling

Dataset name Sampling

method

Recall Precision Fmeasure Gmean

Wineequality SMOTE 0.5 0.4 0.4444 0.6996

MWMOTE 0.8750 0.8750 0.8750 0.9320

Poker SMOTE 0.7647 0.7222 0.7428 0.8669

MWMOTE 0.9047 0.95 0.9268 0.9495

kddcup-

rootkit-imap

SMOTE 0.6666 1 0.8 0.8165

MWMOTE 0.7948 1 0.8857 0.8915

Table 5 Performance using MLP with sampling

Dataset name Sampling

method

Recall Precision Fmeasure Gmean

Wineequality SMOTE 0.5 0.4 0.4444 0.6917

MWMOTE 0.8 0.9231 0.8571 0.8910

Poker SMOTE 0.7222 0.6190 0.6666 0.8380

MWMOTE 1 1 1 1

kddcup-

rootkit-imap

SMOTE 1 1 1 1

MWMOTE 1 1 1 1

6 Conclusion

Handling imbalanced datasets is a real challenge in most of the real-life applica-

tions. Here, data-level solutions for imbalanced datasets have been described. From

the simulation work, two oversampling techniques using three different classifiers

SVM, RBF, and MLP are analyzed. It is found that the performance of MWMOTE

is surpassing SMOTE in most of the cases. The comparative performance study of

various classifiers has been shown which can be helpful for further research.

7 Future Work

Intensive research study has been made since one decade to handle imbalanced

datasets. Here, as for future study, the following points can be considered:

∙ The overfitting problem with oversampling needs to be focused, i.e., the models

need to be trained more about the generalized situations.
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∙ Different undersampling techniques can be verified on the same data sets with the

same classification models.

∙ Hybridization of these oversampling techniques with undersampling can be veri-

fied using the same classification models.

∙ Other sampling techniques like Smoteboost, Adasyn, and RAMO can be compared

using the same classification model.

∙ These data-level solutions can be combined with algorithmic solution and checked

if it is performing better.
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