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The imbalance data refers to at least one of its classes which is usually outnumbered by the other classes. The imbalanced data
sets exist widely in the real world, and the classification for them has become one of the hottest issues in the field of data
mining. At present, the classification solutions for imbalanced data sets are mainly based on the algorithm-level and the data-
level. On the data-level, both oversampling strategies and undersampling strategies are used to realize the data balance via data
reconstruction. SMOTE and Random-SMOTE are two classic oversampling algorithms, but they still possess the drawbacks such as
blind interpolation and fuzzy class boundaries. In this paper, an improved oversampling algorithm based on the samples’ selection
strategy for the imbalanced data classification is proposed. On the basis of the Random-SMOTE algorithm, the support vectors
(SV) are extracted and are treated as the parent samples to synthesize the new examples for the minority class in order to realize the
balance of the data. Lastly, the imbalanced data sets are classified with the SVM classification algorithm. F-measure value, G-mean
value, ROC curve, andAUC value are selected as the performance evaluation indexes. Experimental results show that this improved
algorithm demonstrates a good classification performance for the imbalanced data sets.

1. Introduction

1.1. Research Background. Data classification is one of the
most common data mining techniques [1], whose task is
to determine which target class some specific object in an
unknown class belongs to. There are many classic classi-
fication algorithms of data mining [2–10]. However, each
classification algorithm has its advantages and disadvantages.
The effect of a classification algorithm is usually related to
the characteristics of data. Among the many classification
algorithms, SVM (support vector machine) classification
algorithm, which is proposed by Vapnik et al. and is based
on the structural risk minimization principle of the SLT,
is widely used [11–16]. SVM shows many unique advan-
tages in solving some classification problems such as small
sample numbers, nonlinearity, and high-dimensional pattern
recognition problems. The traditional SVM classification

algorithm assumes two ideas: the size of the training exam-
ples of different classes in the same data set is balanced
and the cost of classification error is almost similar [2].
However, in the real world, there are many imbalanced
data classification problems. In addition, the classification
accuracy of the minority class is often more valuable. As
mentioned above, the classification model of the SVM is
based on a minimization of structural risk. Therefore, for
the imbalanced data, the examples in the majority class
will have a greater influence on the classifier, causing its
classification weight to be in favour of the majority class
and then seriously affecting the distribution of classification
hyperplane. So it is very important that the classification
approaches can be improved at the algorithm-level or data-
level to solve the imbalanced data classification, which is
currently a trending issue in the data mining research
field.
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1.2. Related Research. In the field of data classification [17–
19], the classification of imbalanced data has been the focus of
attention. In recent years, the classification algorithms based
on imbalanced data have attracted many researchers. The
international conferences on the classification of imbalanced
data have been held around the world [20–22].

At present, research approaches regarding the classifica-
tion of imbalanced data by the SVM mainly divide into two
categories: the improving approaches at the algorithm-level
and the improving approaches at the data-level.

At the algorithm-level, the weighted SVM of the penalty
coefficient C is used to control the different costs of misclas-
sification error for the different classes. In general, a higher
misclassification cost is imposed on the minority class, and
a low misclassification cost is imposed on the majority class.
In addition, AdaBoost algorithm—the integrating algorithm
based on multiple single classifiers—and the improving
algorithm based on kernel space are used widely.

At the data-level, there are two main approaches: over-
sampling strategy for the minority samples and undersam-
pling strategy for the majority samples.

Oversampling technique uses some approaches, such as
duplicating the minority examples or artificially synthesizing
new examples from the minority class with some algorithms,
to balance the classes’ distribution. Chawla [23] put forward
the SMOTE algorithm, which is used to synthesize the
minority class examples by a linear interpolationmethod.The
Borderline-SMOTE algorithm proposed by Han et al. [24]
and the Random-SMOTE algorithm proposed by Dong [25]
improved the SMOTE algorithm from different angles. Kubat
and Matwin [26] discussed the mining approaches towards
the samples in the imbalanced data sets. In addition, other
sampling approaches [27, 28] are also classic approaches for
mining minority samples.

Besides oversampling algorithm, undersampling algo-
rithm is also a common method to deal with the imbalanced
data sets. Undersampling technique mainly balances the
distribution of data classes by deleting the majority class
examples such as the Tomek Links algorithm [29] proposed
byWilson et al., neighbor compression rule proposed byHart
[30], and GSVM-RU algorithm proposed by Tang YC et al.
[31].

2. Support Vector Classification and the
Optimal Classification Hyperplane

A given set includes 𝑙 samples: 𝐷 = {(𝑥1, 𝑦1), (𝑥2,𝑦2), ...(𝑥𝑙, 𝑦𝑙)}, in which 𝑥𝑖 ∈ 𝑅𝑛, 𝑦 ∈ (−1, +1) (𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝑙).
If all the examples in 𝐷 can be separated exactly by the
hyperplane 𝑤𝑥 + 𝑏 = 0 and the distance from the nearest
sample point to the hyperplane is themaximum, we state that
the data samples can be separated by the optimal hyperplane,
which is also called the maximum margin hyperplane as
shown in Figure 1.

The SVM method can also solve the classification prob-
lem of high-dimensional space. We introduce the mapping𝜑 : 𝑅𝑛 → 𝐹 and map the examples from the input space
to the high-dimensional feature space while the optimal clas-
sification hyperplane is constructed in the high-dimensional
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Figure 1: The maximum margin hyperplane.

feature space. In this way, the problem of the optimal
classification hyperplane is transformed into the following
optimization problem:

min 12 ‖𝑤‖2 + 𝐶 𝑙∑
𝑖=1

𝜉𝑖
𝑠.𝑡. 𝑦𝑖 (𝑤 ⋅ 𝜑 (𝑥𝑖) + 𝑏) − 1 + 𝜉𝑖 ≥ 0

𝜉𝑖 ≥ 0, 𝑖 = 1, . . . , 𝑙
(1)

in which 𝐶 is the penalty parameter, which controls the
degree of penalty for misclassification samples. In addition,
the greater the value of C, the greater the penalty for error.

The corresponding Lagrangian function is

𝐿 (𝑤, 𝑏, 𝜉, 𝛼) = 12 ‖𝑤‖2 + 𝐶 𝑙∑
𝑖=1

𝜉𝑖

− 𝑙∑
𝑖=1

𝛼𝑖 (𝑦𝑖 (𝑤 ⋅ 𝜑 (𝑥𝑖) + 𝑏) − 1 + 𝜉𝑖)

− 𝑙∑
𝑖=1

𝛽𝑖𝜉𝑖

(2)

where 𝛼𝑖, 𝛽𝑖 are 𝐿𝑎𝑔𝑟𝑎𝑛𝑔𝑒 multipliers and 𝛼𝑖 > 0, 𝛽𝑖 > 0.
We can obtain the following dual problem:

min 12
𝑙∑
𝑖=1

𝑙∑
𝑗=1

𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑘 (𝑥𝑖, 𝑥𝑗) − 𝑙∑
𝑖=1

𝛼𝑖

𝑠.𝑡. 𝑙∑
𝑖=1

𝛼𝑖𝑦𝑖 = 0
0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, 2, . . . , 𝑙

(3)

where 𝑘(𝑥𝑖, 𝑥𝑗) = 𝜑(𝑥𝑖) ⋅ 𝜑(𝑥𝑗) is the kernel function.
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3. Existing Algorithm Introduction

3.1. SMOTE. The oversampling technique is to increase the
number of minority class samples by randomly copying the
minority samples, so as to balance the examples size of the
minority class and the majority class. SMOTE (synthetic
minority oversampling technique) [32] is one of the most
commonly used oversampling methods to solve the imbal-
ance problems, which generates the synthetic training exam-
ples by linear interpolation for the minority class. These syn-
thetic training examples are generated by randomly selecting
one or more of the k-nearest neighbors for each example in
the minority class. After the oversampling process, the data
is reconstructed and various classification techniques can be
employed for the processed data. Its basic idea is as follows.

Step 1. Setting the minority class set 𝐴, for each 𝑥 ∈ 𝐴,
the k-nearest neighbors of 𝑥 are obtained by calculating the
Euclidean distance between 𝑥 and every other sample in set𝐴.
Step 2. The sampling rate 𝑁 is set according to the
imbalanced proportion. For each 𝑥 ∈ 𝐴, 𝑁 examples𝑥1, 𝑥2 ⋅ ⋅ ⋅ 𝑥𝑁 (𝑁 ≤ 𝑘) are randomly selected from its k-
nearest neighbors, and they construct the set 𝐴1.
Step 3. For each example 𝑥𝑘 ∈ 𝐴1 (𝑘 = 1, 2 ⋅ ⋅ ⋅ 𝑁), the
following formula is used to generate a new example:

𝑥𝑛𝑒𝑤 = 𝑥 + rand (0, 1) ∗ 𝑥 − 𝑥𝑘 (4)

in which rand(0, 1) represents the random number between
0 and 1.

3.2. Random-SMOTE. SMOTE is a very classic oversampling
approach, but it still has some deficiencies. For example,
this algorithm is prone to distribution marginalization, is
unable to change the sparse distribution of the samples of
the minority class [33], and interpolates blindly. In view
of these problems, Dong [25] proposed an improved data
oversampling algorithm, which is called Random-SMOTE
algorithm. Random-SMOTE algorithm can generate new
minority samples in a relatively wider region, which can
effectively change the sparse distribution of theminority class
samples, and largely avoiding overfitting. Its basic idea is as
follows.

For each sample 𝑥 of the minority class set 𝐴, two
examples 𝑥1, 𝑥2 (𝑥1,2 ̸= 𝑥) are randomly selected from the set𝐴, then this method will form a triangle region with 𝑥, 𝑥1, 𝑥2
as vertices. The process of generating new examples for the
minority class is shown in Figure 2.

Step 1. Random linear interpolation is performed between 𝑥1
and 𝑥2 to generate 𝑁 temporary examples 𝑡𝑖 (𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝑁)
according to the sampling rate𝑁.

𝑡𝑖 = 𝑥1 + rand (0, 1) ∗ (𝑥2 − 𝑥1) , 𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝑁 (5)
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Figure 2: The synthetic examples method of the Random-SMOTE
algorithm.

Step 2. Random linear interpolation is performed between𝑡𝑖 and 𝑥 to generate 𝑁 new minority class examples 𝑝𝑖 (𝑖 =1, 2 ⋅ ⋅ ⋅ 𝑁);
𝑃𝑖 = 𝑥 + rand (0, 1) ∗ (𝑡𝑖 − 𝑥) 𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝑁 (6)

3.3. The Contribution of Different Samples to the Classifier.
Kubat et al. [26] proposed the one-side selection algorithm,
which divided the samples into four types: safety samples,
redundant samples, boundary samples, and noise samples by
judging whether some example and its k-nearest neighbors
belong to the same category. The traditional classifier has
a higher recognition for the redundant samples and the
safety samples. However, the boundary samples and the
noise samples, which are on the junction of the two classes,
tend to be confused. These examples are called “unsafe
samples,” and more attention should be paid to them for
the classifier. Similarly, the SVM classification algorithm
divides the samples into different types. Besides the noise
and the redundant samples, SVM defines “safe samples” and
“boundary samples” according to the values of Lagrange
parameters 𝛼𝑖 [34], in which the boundary samples are called
“unsafe samples.”

As is shown in Figure 3, the asterisk points represent the
majority samples and the cross points represent the minority
samples. The dotted circle points represent the boundary
samples and the solid circle points represent the “overlapping
sample points,” which belong to the noise.

3.4. A Strategy of Samples’ Selection for SVM Based on the
Alien k-Neighbors. For the Random-SMOTE algorithm, it is
not very reasonable to choose all the minority samples to be
parent samples to synthesize the new examples because only
the support vectors can contribute to the classification model
in the SVM classification. In this way, a large number of
redundant samples in the minority class will be synthesized,
and this method will inevitably lead to the quality reduction
of the training samples and increase training time of SVM.
Hui Han et al. believed that minority samples closed to
the boundary were more likely to be misclassified, so they
had a greater impact on the classification results. Therefore,
the Borderline-SMOTE method [24] is proposed and the
synthetic examples are only generated by those samples that
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Figure 3: The different contribution of samples to the classifier.

are closed to the boundary according to this algorithm.
Although this algorithm makes full use of valuable examples
to synthesize the new examples, it still has some deficiencies.
It judges whether some sample in the minority class belongs
to the boundary samples only based on the number of most
samples in the 𝑘 nearest neighbors of this sample; this is not
reasonable. So this method is likely to miss some valuable
examples for the classification.Therefore, the key to sampling
technology lies in what methods should be adopted that can
retain the distribution information of the original data in
order to obtain the most critical and important samples for
sampling.

Chen et al. [35] proposed a samples selection method
of SVM based on the alien k-neighbors. The idea of the
algorithm is as follows.

The training data set is constituted via selecting the alien
neighbor samples for each sample. Thus, the data set of the
boundary samples is confirmed by the alien neighbors of
every sample. For each sample, the algorithm can find its alien
k-neighbors which are close to it. Finally, this algorithm finds
the union set of all the alien neighbor samples, which contain
all the boundary samples that are likely to be the support
vectors.

This algorithm is different from the previous k-nearest
neighbor algorithms. For each sample, this algorithm looks
for the k-nearest neighbors in its alien class rather than
its own class. This algorithm is not restricted by boundary
conditions, but still has some shortcomings: (1) because this
algorithm needs to calculate the k-nearest neighbors for all

the samples belong to a certain class, it will generate a lot of
redundancy and reduce the calculation speed, and (2) for the
overlapping samples on the boundaries of the positive and
negative classes, they are likely to be misclassified into the
data set of boundary samples and be treated as the support
vectors, and it will possibly reduce the generalization ability
of the classifier.

4. The AKN-Random-SMOTE Algorithm

In order to avoid the deficiencies of the Random-SMOTE
algorithm and the alien k-nearest mentioned above, we
propose a new Random-SMOTE algorithm which is called
AKN-Random-SMOTE algorithm in this paper. The support
vectors are extracted by the improved alien k-neighbors
algorithm, and the oversampling strategy is only performed
to the boundary decision samples of the minority class rather
than all the minority samples. This algorithm can reduce
the computational overhead of the system and improve the
classification accuracy and efficiency. Besides that, we remove
the overlapping samples on the boundary of the two classes
before classification, which are considered “noise samples”
by us. In this way, this improved algorithm can overcome
the defects of the fuzzy boundaries to some extent so that
the generalization ability of the classifier can be further
improved.

4.1. Deletion of the Overlapping Samples. Due to the limita-
tions of data collection approaches, different types of data
usually tend to have similar values on some attributes, which
may cause the poor classification effect. These samples are
located in the overlapping area of the attribute space, which
are called “overlapping samples.”

The classification errors of the classifier often occur in the
boundary region of the two data sets.The boundary region of
the two classes is such a region where the samples overlap.
The situation will become more complicated especially for
the imbalanced data [36]. At the same time, aiming for
fixing the fuzzy boundary problem of the Random-SMOTE
algorithm, we need to judge the overlapping examples before
classification and then delete them so that it can reduce the
probability of fuzzy boundary of the two classes and the
negative influence of the noise for classification.

Setting set 𝑆, which is a set of overlapping samples; setting
set 𝐴, which is the minority class; 𝑥𝑖 ∈ 𝐴 (𝑖 = 1, 2, ⋅ ⋅ ⋅ 𝑛𝐴), in
which 𝑛𝐴 is the number of samples in 𝐴; setting 𝑥, which is
the center of the minority class 𝐴, this algorithm of deleting
the overlapping samples of the minority class is as follows.

Step 1. Initialize the set 𝑆 and the value of 𝑖: 𝑆 = Φ, 𝑖 = 1, and
calculate the center of the minority class 𝑥 = (1/𝑛𝐴) ∑𝑛𝐴𝑖=1 𝑥𝑖.
Step 2. For each 𝑥 ∈ 𝐴, judging whether all of the k-nearest
neighbors of 𝑥 belong to the majority class, if this condition
is satisfied, 𝑥 is added to the set 𝑆.

Wewill repeat Step 2 until all the examples in𝐴 have been
searched. Then, we will judge whether 𝑆 is null, if 𝑆 = Φ, this
algorithm will end; otherwise, we will turn to Step 3.
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Table 1: The information of the imbalanced data sets in the experiments.

Data set ID Data sets #Abb #Attr #Min #Maj IR Data source
1 Banana Banana 2 75 2808 0.03 KEEL
2 Haberman’s Survival Haberman 3 81 225 0.36 UCI
3 Bupa Bupa 6 145 200 0.73 UCI
4 Appendicitis Appendicitis 7 21 85 0.25 KEEL
5 Pima Indians Diabetes Pima 8 268 500 0.54 KEEL
6 German Credit Data German 20 300 700 0.43 UCI
7 Vehicle Silhouettes Vehicle 18 199 647 0.31 KEEL
8 Led7digit Led 7 52 448 0.12 UCI
9 Wisconsin Wisconsin 9 241 458 0.53 UCI
10 Wine Wine 13 48 130 0.37 UCI

Step 3. For every sample 𝑠𝑖 ∈ 𝑆 ⊂ 𝐴, we will do the following:
A Calculate the distance between 𝑠𝑖 and the center 𝑥

of set 𝐴, marked as 𝑑𝑖; calculate the distance between each𝑦𝑗 (𝑗 = 1, 2 ⋅ ⋅ ⋅ 𝑘) and the center 𝑥 of set 𝐴, marked as 𝑙𝑗 (𝑗 =1, 2, ⋅ ⋅ ⋅ 𝑘), in which 𝑦𝑗 belongs to the majority class as well as
belongs to the k-nearest neighbors of 𝑠𝑖.

B For each 𝑑𝑖, if satisfying with 𝑑𝑖 < 𝑙𝑗 (𝑗 = 1, 2, ⋅ ⋅ ⋅ 𝑘),
we will delete 𝑠𝑖 from 𝑆; otherwise, we will keep 𝑠𝑖 in 𝑆.

We will repeat Step 3 until all the samples in 𝑆 have been
searched.

Step 4. 𝑆 is the set of the overlapping samples of the minority
class. Delete all the examples of the set 𝑆.

At last, we find the overlapping samples of the majority
class in the same way and delete them.

4.2. The AKN-Random-SMOTE Algorithm. The sections
above have introduced the drawback of the alien k-neighbors
algorithm, which can generate a lot of redundancy. So this
algorithm must be improved. In this paper, before extracting
the support vectors, we first use the K-means algorithm to
cluster the examples for the majority class and then extract
the center of each cluster. Although the number of data sets
after clustering is reduced, the spatial characteristics of the
data are still reserved.Therefore, we only need to look for the
alien k-neighbors for each cluster center. In this way, we can
not only extract the support vectors but also avoid producing
the redundant samples.

The steps of the AKN-Random-SMOTE algorithm are as
follows.

Step 1. For the samples of the majority class, the K-means
algorithm is used for clustering. We set the number of the
clusters in themajority class as𝐾𝐶. After clustering, the center
of each cluster 𝐶𝑖 (𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝐾𝐶) of the majority class is
extracted.

Step 2. For each cluster center 𝐶𝑖 (𝑖 = 1, 2 ⋅ ⋅ ⋅ 𝐾𝐶), we
calculate its k-nearest neighbor samples, which belong to the
minority class. All the examples constitute set 𝐵, which is the
set of the boundary decision samples.

4 4.5 5 5.5 6 6.5 7 7.5 8

the majority samples
the minority samples
the support vectors
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Figure 4: The original SVM classification effect without data
processing.

Step 3. For each boundary decision sample of𝐵, theRandom-
SMOTE algorithm is used to generate the new samples until
the number of the two classes’ samples is balanced.

Step 4. Asmentioned in section above, we delete the overlap-
ping samples for the two classes.

Step 5. The processed data is classified by SVM classification
algorithm.

5. Experiments

5.1. Experimental Settings

5.1.1. Experimental Data Sets. In order to verify that this
improved oversampling algorithm proposed in this paper
has higher classification accuracy for the imbalanced data
sets classification, we select the different algorithms for
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Figure 5: The classification effect processed by the SMOTE algo-
rithm.

comparison, and the experiments were carried out on 10
different imbalanced data sets. In this paper, the classification
accuracy of these imbalanced data sets via different process-
ing methods is given, and these processing methods include
the original classification method without oversampling pro-
cessing and the above three oversampling algorithms. The
classification accuracy is valued according to the values of F-
measure and G-mean.

In this study, we used 10 imbalanced data sets which
are from UCI data sets and KEEL data sets; they have
different sample sizes and attributes. In addition, they are also
different in class imbalance ratio (IR). Table 1 summarizes
the characteristics of the imbalanced data sets selected in
the experiments, including the abbreviation of the data sets
names (# Abb), the number of attributes of the examples
(#Attr), the number of the minority examples (# Min), the
number of the majority examples (# Maj), and the imbalance
ratio (IR), in which IR=#Min/#Maj.

5.1.2. Parameters’ Selection. In this paper, the AKN-Random-
SMOTE algorithm needs to set the following parameters: 𝐾1
and 𝐾2, in which 𝐾1 represents the number of clusters in
the K-means algorithm, and 𝐾2 represents the number of
decision samples selected in the alien k-neighbors algorithm.
In order to improve the applicability of this new algorithm,
we try to set the different values of 𝐾1 and 𝐾2: 𝐾1 ∈ [2, 14],𝐾2 ∈ [10, 200]. In order tomake the oversampling algorithms
achieve their optimal classification effects and, at the same
time, make the classification accuracy rate to be stable, we
select the different values of the two parameters for every
different data set, and they can be seen in Table 2. The value
of the sampling rate is determined by the ratio of the number
of the two class samples.

5.2. Performance Evaluation. The performance evaluation of
the classification is an important reference for classification
algorithms. The evaluation indexes, which are applied to
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Figure 6: The classification effect processed by the Random-
SMOTE algorithm.
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Figure 7: The classification effect processed by the AKN-Random-
SMOTE algorithm.

the balanced data classification, are no longer suitable for
the imbalanced data classification. The new classification
performance evaluation indexes, such as precision, Recall,
F-measure, and G-mean, are often used to measure the
imbalanced classification performance [2].

Set the minority class as the positive class, and the major-
ity class as the negative class. TP represents the number of the
positive samples which are correctly classified by classifier;
TN represents the number of the negative examples which
are correctly classified by the classifier; FN represents the
number of the positive examples which are wrongly classified
by the classifier; FP represents the number of the negative
examples which are wrongly classified by the classifier. The
classification performance indexes for the minority class
samples are as follows:
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Figure 8: The polyline graph of F-measure values of the different methods.

Table 2: The values of the parameters.

Data set ID Data sets 𝐾1 𝐾2
1 Banana 10 54
2 Haberman 14 62
3 Bupa 8 64
4 Appendicitis 5 10
5 Pima 10 109
6 German 2 200
7 Vehicle 9 86
8 Led 10 33
9 Wisconsin 5 92
10 Wine 6 30

(1) Classification precision:

Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 (7)

(2) Recall rate: the higher the value, the fewer number that
the positive examples are wrongly classified by the classifier.

Re𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (8)

(3) F-measure: this value is a classification evaluation
index which considers both recall rate and precision rate.

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = (1 + 𝛽2) × precision × Recall
𝛽2 × precision + Recall

(9)

𝛽 ∈ [0,∞), when 𝛽 < 1; it emphasizes the effect of “precision
rate”; when 𝛽 > 1, it emphasizes the effect of “recall rate”;
when 𝛽 = 1, “precision rate” is as important as “recall rate”
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Table 3: The comparison of classification results for the different methods.

Data set ID Original-SVM SMOTE Random-SMOTE AKN-Random-SMOTE
G-mean F-measure G-mean F-measure G-mean F-measure G-mean F-measure

1 0.634 0.114 0.698 0.724 0.739 0.762 0.784 0.810
2 0.605 0.451 0.670 0.665 0.750 0.738 0.860 0.864
3 0.653 0.594 0.673 0.661 0.712 0.711 0.812 0.781
4 0.672 0.540 0.677 0.533 0.832 0.839 0.895 0.922
5 0.739 0.664 0.786 0.806 0.787 0.799 0.915 0.890
6 0.257 0.126 0.628 0.563 0.644 0.584 0.725 0.690
7 0.925 0.895 0.933 0.906 0.937 0.935 0.968 0.967
8 0.898 0.790 0.951 0.951 0.974 0.975 0.981 0.981
9 0.946 0.909 0.954 0.956 0.940 0.941 0.973 0.967
10 0.802 0.780 0.964 0.962 0.958 0.957 0.975 0.975

German Banana Haberman Bupa Appendicitis Pima Vehicle Led Wisconsin Wine

G-mean of different datasets

The Original-SVM
The SMOTE
The Random-SMOTE
The AKN-Random-SMOTE

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Figure 9: The polyline graph of G-mean values of the different methods.

for the classification evaluation, which is the commonly used
indicator 𝐹1:

𝐹1 = 2 Re𝑐𝑎𝑙𝑙 × Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛(Re𝑐𝑎𝑙𝑙 + Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛) (10)

(4) G-mean: the geometric average of the classification
precision of theminority class and the classification precision
of the majority class.

𝐺 − 𝑚𝑒𝑎𝑛 = √ 𝑇𝑃(TP + FN) × 𝑇𝑁(𝐹𝑃 + 𝑇𝑁) (11)

F-measure and G-mean are two performance evaluation
indexes that are usually used for the imbalanced data clas-
sification.

5.3. The Results and Analyses of the Experiments. For the
imbalanced data sets mentioned above, we use the 10-fold
cross validation algorithm to select the training set and the
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Figure 10: The ROC curves of the four methods for the Banana data set.

test set. A subset is selected as the test set each time and the
average classification accuracy of the 10-times experiments is
taken as a result by the cross validation algorithm.

In this paper, the SMOTE algorithm, the Random-
SMOTE algorithm, and the AKN-Random-SMOTE algo-
rithm are separately used to oversample the data in order
to balance the data sets, and then the SVM classification
algorithm is used to realize the classification. Finally, the
classification results via the original SVM classification algo-
rithm without data processing and the classification results
via the above three oversampling algorithms processing are
compared.

In order to show the classification effects lively, we
first classify a two-dimensional imbalanced data set for the
following situations: the data without processing and the
data after the above three oversampling algorithms. The
classification effects can be seen from Figures 4–7.

Secondly, we use the SMOTE algorithm, the Random-
SMOTE algorithm, and the AKN-Random-SMOTE algo-
rithm to reconstruct the data for the 10 imbalanced data
sets. Finally, we use the SVM algorithm for the classification.
In Table 3, “Original-SVM,” “SMOTE,” “Random-SMOTE,”
and “AKN-Random-SMOTE”, respectively, represent the
SVMclassification results of the imbalanced data sets without
data processing and the classification results processed after
the three different oversampling algorithms. We take the F-
measure values and the G-mean values as the classification
performance evaluation indicators. We calculate the values
many times for each algorithm and get the stable average
value. The experimental comparison results are shown in
Table 3.

From Table 3, we can see the AKN-Random-SMOTE
algorithm proposed in this paper has higher G-mean values
and F-measure values than other methods for the 10 data
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Figure 11: The ROC curves of the four methods for the Haberman data set.

sets. For the comparison purpose, the F-measure average
values and the G-mean average values for the data sets were
further given in Figures 8 and 9 in the form of polyline
graphs.

Finally, we used the statistical tools, ROC curve (Receiver
Operating Characteristic Curve) and AUC value (Area under
ROCCurve), to evaluate the performance of the classification
methods for the imbalanced data sets. ROC curve calculates
a series of sensitivity and specificity by setting a number of
different critical values for the continuous variables and then
takes the sensitivity as the ordinate and the specificity as the
abscissa to draw a curve. The closer the ROC curve is to the
upper-left coordinate point (0, 1), i.e., the larger the value of
the AUC is, and the higher the classification accuracy of the
classifier will be. In general, the value of AUC is between 0.5
and 1.When AUC>0.5, the closer the value of AUC is to 1, the

better the classification accuracy is. We generally believe that
(1) when 0.5<AUC<0.7, the classification accuracy is low; (2)
when 0.7<AUC<0.9, the classifier has a certain accuracy; (3)
when AUC> 0.9, the classification accuracy is higher.

Because ROC curve has a good advantage that it does
not change greatly with the change of the positive and the
negative samples’ distribution, ROC curve and AUC value
are often used to evaluate the classification effect for the
imbalanced data.

Using the data sets, Banana, Haberman, Pima, and Led
as examples, we have plotted the ROC curves for the four
different data processing methods (see Figures 10–13) and
calculated the AUC values (see Table 4) of the ROC curves.
It can be seen from the ROC curves and AUC values that the
AKN-Random-SMOTE algorithmproposed in this paper has
better classification effect than other algorithms.
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Figure 12: The ROC curves of the four methods for the Pima data set.

Table 4: The AUC values of the different methods for the four data sets.

Data sets Original SVM SMOTE Random-SMOTE AKN-Random-SMOTE
Banana 0.5845 0.6695 0.7378 0.8912
Haberman 0.7560 0.8205 0.8451 0.9727
Pima 0.7491 0.7716 0.8189 0.9718
Led 0.8804 0.9676 0.9910 0.9962

6. Conclusion

In this paper, an improved oversampling algorithm based
on the samples’ selection strategy is proposed. The support
vectors are extracted and treated as the parent samples for
oversampling to realize the balance of the data sets. Finally,
the imbalanced data sets are classifiedwith SVMclassification
algorithm.The experiments compare the classification effects

via the different processing methods for the 10 imbal-
anced data sets including the classification approach with-
out data processing and the classification approaches with
data processing by SMOTE, Random-SMOTE, and AKN-
Random-SMOTE.We select F-measure value, G-mean value,
ROC curve, and AUC value as the evaluation indexes. The
experimental results show that the AKN-Random-SMOTE
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Figure 13: The ROC curves of the four methods for the Led data set.

algorithm has good performance for the imbalanced data
classification.

In view of the problems exiting in the experiments, two
issues can be considered to be resolved in the future work.
Firstly, for the K-means clustering algorithm and the alien k-
neighbors algorithm, the choices of parameters have a great
impact on the experimental results. Therefore, a reasonable
algorithm can be considered to optimize the parameters so
that the algorithm has a stable and optimal classification
effect. Secondly, the improved oversampling method can be
combinedwith the novel or improved classification algorithm
as a comprehensive solution for both the data-level and
algorithm-level for further research.
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