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Abstract—Standard Support Vector Machines (SVM) often 
performs poorly on imbalanced datasets, because it could 
not get a high accuracy of prediction on the minority class of 
data as well as another class. We proposed a new example 
dependent costs SVM method, from which it can get more 
sensitive hyperplane by selecting penalty for every sample 
according to its corresponding distribution. Firstly, this 
paper discusses how to create an Example Dependent Costs 
SVM based on Data Distribution (DDEDC-SVM), and then 
we proposes a direct method to determine the parameters, 
i.e., “Average Density”, in order to reduce the time for their 
selection via traditional cross validation. Experimental 
results show that this method can improve the performance 
of SVM on imbalanced datasets efficiently and effectively.  
 
Index Terms—support vector machines, imbalanced data, 
example dependent costs, average density 
 

I.  INTRODUCTION 

The original Support Vector Machines (SVMs) 
algorithm is an important method of Pattern Recognition 
which was first invented by Vapnik and colleagues in [1] 
during the development of statistical learning theory [2]. 
SVM is devoted to the research of finite sample forecast 
on the basis of the Structure Risk Minimization principle 
and they can efficiently solve nonlinear and 
high-dimension problems which contain a small number 
of samples [3]. Due to its promising performance, SVM 
has been successfully used in many application areas in 
recent years, such as data mining [4], biological 
information identification [5] and text classification [6], 
etc. 

However, when facing with imbalanced datasets where 
there is an obvious bias between different classes, the 
performance of SVM drops rapidly [7]. In this case, we 
could hardly guarantee the accuracy of the minority class 
as high as the majority one. This problem can appear in 
two different types of data sets: binary problems, where 
one of two classes comprises considerably more samples 
than the other, and multiclass problems, where each class 
only contains a tiny fraction of the samples and we use 

one-versus-rest classifiers [8]. Data sets meeting one of 
these two criteria have different misclassification costs, 
either implicitly or explicitly stated, for the different 
classes [9], and these types of data sets are pervasive in 
real-world applications. For example, practical 
applications such as credit card fraud detection, medical 
diagnosis, text classification [10], [11] and gene profiling 
[12] have highly skewed datasets with a very small 
number of instances which are difficult to classify 
correctly, but important to detect nevertheless [13]. 
Classifiers generally perform poorly on imbalanced 
datasets because they are trained to find the optimal 
separating hyperplane by maximizing the margin and thus 
minimizing the upper bound of the generalization error. 
So with imbalanced datasets, the simplest hypothesis is 
often the one which classifies almost all the instances as 
the majority class in order to maximize the margin and 
minimize the error. 

An approach towards solving imbalanced problems is 
to bias the classifier, so we consider the extension of 
SVM by example dependent costs [14]. The idea we 
discuss in this paper is to let the cost depend on single 
example rather than only on the class, and this can be 
processed by giving different penalty of misclassifying to 
each instance in the dataset. However, setting all the cost 
parameters of a normal dataset before training is almost 
impossible because of its large size. For few artificial 
datasets followed certain rules of probability distribution, 
we can use prior probability and class conditional 
probability density of each class to construct the cost 
matrix, but the probability distribution of one dataset is 
hardly to confirm in general. In this paper, we propose 
using the distribution of data as its separation index to set 
corresponding parameters. The index shows the degree 
the data is separated from the center point of the opposite 
class in the input space. This means we can figure out the 
proportional relationship of instances in the same class 
before training, which makes the new model unaffected 
by the setting of parameters even if they are huge in 
number. 
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Rest of this article is structured as follows. Section II 
describes the SVM and the Example Dependent Costs 
SVM (EDC-SVM), accompanied with solutions. In 
Section III we outline how to create an Example 
Dependent Costs SVM based on Data Distribution 
(DDEDC-SVM), and then propose a direct method 
calling Average Density (AD) to determine the 
parameters. Experiments on some UCI and Statlog 
datasets can be found in Section IV. Finally Section V 
gives the conclusions. 

II.  SUPPORT VECTOR MACHINES WITH EXAMPLE 
DEPENDENT COSTS 

SVM is designed for binary-classification problems, 
assuming the data are linearly separable. Given a set of 
labeled instances , , , 
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{ 1, 1}iy    R  is the input space, ix  is a sample 

vector and iy  is the class label of ix , the separating 
hyperplane  is a linear discriminating function 
that solves the optimization problem: 
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In order to deal with the non-linearly separable data, 
the slack variables i  are introduced into the 
optimization problem for the purpose of relaxing the 
margin constraints, and  indicates the penalty for 
misclassifying. SVM finds the optimal 

C

i  for each ix  
to maximize the margin   between the hyperplane by 
solving the optimization problem which is the Dual 
Problem of (1) : 
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This leads to a well-known soft margin SVM which is 
called C-SVM. Then it can be extend by choosing 
different error cost for each instance as follows: 
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    (3)                   

Equation (3) describes the EDC-SVM model, and 
we can get  as a result by solving it. 

The class prediction for a new test instance x is made 
through: 
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where  is the threshold with the definition 

. 
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1

N

i
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As mentioned before, EDC-SVM can also be solved 
through the decomposition method such as Sequential 
Minimal Optimization (SMO) because it’s similar to 
standard C-SVM. The difference between them is how to 
update i  in the algorithm which is shown in Fig. 1 and 
Fig. 2. 

 
 
 

 
 
The bold line in each figure shows the constraints of 

2
new  during each iterating in the model. Obviously, the 

point which stands for 2
new  lies on the bold line, this 

means the value of 2
new  can meet the equality 

constraint in (3). And also the bold line is controlled in 
the rectangle area which represents the other 
requirements of (3) can be satisfied after the updating of 

2
new . The box constraint depends on the penalty of each 

instance separately. Now we can get the pseudo code of 
iteration as follows: 
 
Algorithm 1. The pseudo code of iterating in EDC-SVM 
Input: A pair of Lagrange multipliers ( ,  as the initial 

feasible solution, and  depends on the value of 

1 2 )old old T 

1 2,C C 1x  and 2x  

Output:  as the new feasible solution 
1 2( , )new new T 
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Figure 1. The constraints of C-SVM 

Figure 2. The constraints of EDC-SVM 
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derived from  which could transfer the original 
=1

problem into a single variable optimization problem; 
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Step 4. Return the new pair of Lagrange multipliers  

which takes the place of . 
1 2( , )new new T 

1 2( , )old old T 

III.  THE PROPOSED APPROACH: DDEDC-SVM + 
AVERAGE DENSITY 

This section introduces the proposed DDEDC-SVM 
classification method which can figure out the 
proportional relationship of parameter for each sample in 
the same class before training. Preliminaries are given in 
Section A. 

A.  Preliminaries 

Definition 1. The Centre of 1 2{ , ,..., } d
Nx x x R  is: 

                
1

1 N

c
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Definition 2. The Distance of Points (DP) is the 
euclidean distance which can measure the length between 
two points:  
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Definition 3. The Distance of Offset (DO) is the DP 
from one point to the Centre of all the points in another 
class. For example, given a set of points including  
negative points and other 

n
p  positive ones, let point  

represents the Centre of the former class as well as point 
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Definition 4. The Mean Distance (MD) is the mean DP 
from each instance of one class to its Centre. For example, 
given  and  as the negative Centre and the 
positive Centre, the MD  of each instance is: 
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B.  Problem Description 
The distance from one point to a group of points is 

usually quantified by the average distance from the point 
to all the points in the group which must be calculated 
with the time complexity of . However, as taking 
DO into account, we can get DO for all the points in 
linear time complexity which could reduce the time 
consuming. DO can represent the approximate average 
distance from one point to a class, especially in the 
dataset which follows the Gaussian Distribution and the 
similar distributions. For example, in the case of 
Spherical Distribution, the Centre of a class can be seen 
as a mass point that represents the whole class, and DO 
measures the distance from one point to it appropriately. 
Furthermore, DO also measures the length between this 
point and the optimal hyperplane. This means the smaller 
the DO is, the point is closer to the optimal hyperplane. 
So we can set the cost parameter of each instance based 
on its DO in EDC-SVM.  

2( )O n

Given , then put in into (3) 
which results in the Example Dependent Costs SVM 
based on Data Distribution (DD-EDC) model as below: 
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   (9)           

In this model, the inverse ratio of DO is used as the 
coefficient penalty of each point. According to this, the 
points which are closer to the hyperplane have bigger 
penalty as well as the points which are faraway should 
have less misclassification cost. And the SVM is biased 
by this way which will push the boundary away from the 
majority instances. Now we can figure out the 
proportional relationship of parameter for each sample in 
the same class before training, the parameters reduced 
from the number of instances to only three, C , C  
and   in RBF kernel function.  

In the experiments, we select Gaussian Radial basis 
function (RBF, Radial basis function) as the kernel 
function, and set 1/ d   in the RBF, where  is the 
dimension of the data set, and then we discuss the method 

d
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for choosing the two punishment factors and C C . 

 
 
 
 
C.  Our Approach for Parameter Selection: Average 
Density 
 

For the different error costs algorithm, there are no 
guidelines suggested for deciding what the relative ratios 
of the positive to negative cost factors should be in recent 
research. In some papers [7], the setting of costs is made 
by a rule of thumb, while Cross-validation is another 
ordinary way to choose multiple parameters. But there 
still exist many problems for selecting the optimal 
parameters through the method of Cross-validation. On 
one hand, there are less positive samples in the biased 
data sets and the division in the process of multiple Cross 
validation leads to the damage for the distribution of 
fewer samples in the original data set. On the other hand, 
the selected "optimal parameter" could not always fit the 
distribution of training set very well. As a result, it may 
not be the real optimal parameters in its true sense. 
Furthermore, the time complexity of parameters 
optimization through traversing the all-over grid in 
Cross-validation is  which would greatly 
increase the expenses of operations. So Cross-validation 
is not recommended in practical use when dealing with 
imbalanced datasets.  

2( )O n

Nathalie Japkowicz puts forward a method which takes 
the inverse ratio of the two kinds of points as the ratio of 
the punishment parameters in [7], we call this method as 
Imbalance Ratio (IR). It means we can select the 
parameters as ( , _C n num  _  numC p  ), in which 

_n num is the number of the majority samples, as well as 
_p num is the number of the others. This method has 

been widely used in the model of biased-SVM. 
 But taking the ratio of numbers standing for the 

degree of bias between samples in IR still has some 
limitations for the reason that the “bias” is not only 
depended on the quantity differences but also affected by 
the distribution of data. Maybe the “bias” is resulted from 
the situation that the majority points are gathering in a 
smaller space, and the minority ones are occupying a 
much larger space. Due to the shortage of IR, we propose 

Average Density (AD) instead of it. 
 In AD method, we select the specific value of the 

number of instances in one class and the corresponding 
MD as the average density. The MD is similar to the 
radius of the hypersphere which contains all the data in 
one class, and in order to avoid the affecting of few 
points which are far away, we choose MD instead of the 
true radius of the hypersphere as shown in Fig. 4. So we 
can get our parameters as follow: 

_

2
1

_
2

2
1

_

2
1

_
2

2
1

_ /  _ / ( / _

    ( _ ) /

)

_ /  _ / ( / _

    ( _ ) /

n num
i
m i

i

n num

i
i

p num
i
m i

i

p num

i
i

C n num d n num x m n num

n num x m

C p num d p num x n p num

p num x n











  

 

  

 









)

  (10) 

Figure 3. The examples of DO for some points 
 

 
 Figure 4. MD of samples in each class 

IV.  EXPERIMENTS 

The main feature of imbalanced data is the huge gap 
between the numbers of each class which means even in 
the extreme situation that the classifier predict all the 
instances into the majority class, the overall accuracy is 
still maintained at a relatively high level. Therefore, using 
accuracy as metric to evaluate classifiers on imbalanced 
datasets is virtually useless. Consequently, the 
performance of such algorithm is best described in terms 
of g-means, which is the geometric mean of the accuracy 
of each class as shown in (11):  

  ,
 

true positive true negativeacc acc
total positive total negative

g means acc acc

 

 

 

  

   (11)           

where acc  means the accuracy of the majority class 
which represents the sensitivity of the classifier as well as 
acc  measures the specificity of the classifier. G-means 
is an ideal metric which can effectively evaluate the 
performance of classifier on imbalanced datasets because 
it combines both the sensitivity and the specificity. 

 In the experiments, our classifier and regular SVM 
were compared on 3 different UCI datasets and 2 Statlog 
datasets with varying degrees of class imbalance (Table I). 
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Each dataset was randomly chosen one class as the 
minority class and then randomly split into train and test 
sets in the ratio 4 to 1 (glass, vowel and letter) or 1 to 1 
(breast_cancer and german_numer), while sampling them 
in a stratified manner to ensure each of them had the 
same negative to positive ratio. 

Table I lists the UCI and Statlog datasets we used in 
the experiments, the number of positive instances and the 
number of negative instances in the dataset. It also lists 
the dimension and the imbalanced ratio of each dataset, 
while the “Chosen Class” represents the class which is 
chosen for the minority class. 

TABLE I 

THE DATASETS WE USED IN THE EXPERIMENTS 

Dataset Total 
Num Positive Negative Dimension

breast _train 341 119 222 
breast _test 342 120 222 10 

glass_train 171 23 148 
glass_test 43 6 37 9 

german 
_train 500 150 350 

german 
_test 500 150 350 

24 

vowel_train 528 48 480 
vowel_test 462 42 420 10 

letter_train 15000 594 14406 
letter_test 5000 189 4811 16 

 
Table II shows the performance of standard C-SVM on 

each dataset with the parameters selecting through 5-fold 
Cross-validation. From the result we can see that 
although the total accuracy is high as well as the 
specificity, the sensitivity is lower. 

TABLE II 

THE PERFORMANCE OF STANDARD C-SVM ON EACH 
DATASET 

Dataset C Accuracy 
(%) 

Sensitivity 
(%) 

Specificity
(%) 

G-means
(%) 

breast 0.5 97.06 91.67 97.75 94.66 
glass 0.5 95.35 66.67 100 81.65 

german 128 74.60 44.67 87.43 62.49 
vowel 8 87.23 38.09 92.14 59.25 
letter 8 99.8 96.30 99.94 98.10 

 
Table III shows the parameters calculated through our 

method AD and the performance of our algorithm 
DDEDC-SVM. In this experiment we choose the same 
gamma in the standard C-SVM, and our result shows a 
higher g-means because we can get good balance 
between sensitivity and specificity. 

 
 
 
 
 
 
 
 
 

TABLE III. 

THE PERFORMANCE OF OUR METHOD ON EACH DATASET 

Dataset C
 C

 Acc 
(%) 

Sen 
(%) 

Spe 
(%) 

G 
(%) 

breast 0.93 0.5 96.78 97.50 96.39 96.95 

glass 187 33 100 100 100 100 

german 298 128 72.4 66.67 74.86 70.64 

vowel 404 40 87.66 47.62 91.67 66.07 

letter 12055 642 99.52 97.88 99.58 98.73 

 
Note that standard C-SVM has almost perfect 

specificity, but poor sensitivity because it tends to classify 
everything as negative. However, our approach not only 
maintains a good effect on the specificity but also 
enhances the sensitivity, so we have achieved better 
g-means on all the datasets. 

 The traditional method of building a SVM classifier 
takes the same punishment for all the points which could 
not reflect the difference between the different samples. 
But our approach DDEDC-SVM with AD chooses error 
cost for each point according to its distribution which 
makes a more sensitive and accurate classification 
hyperplane. Experimental results show that our 
DDEDC-SVM with AD outperforms the standard 
C-SVM algorithm in all the four datasets. 
 

V.  CONCLUSION 

In this paper we proposed an EDC-SVM approach 
based on Data Distribution with the Average Density for 
dealing with imbalanced datasets, which overcomes the 
defects of C-SVM. It combines the ideas of the 
algorithms for both data distribution and example 
dependent costs. Although it needs more computation 
compared with the standard C-SVM, but the additional 
time complexity is linear which would not degrade the 
performance of the whole algorithm. Relative to the 
original EDC model, our method confirms the 
relationship between all the penalties of different samples, 
which reduces the parameters needed to set up before 
experiments.  

 We showed that DDEDC-SVM can be easily 
constructed according to the features of datasets, and it 
can be solved efficiently with existing SMO method. 
Furthermore, we derived the AD for DDEDC-SVM 
which can be helpful for parameters selection. And 
experiments show encouraging results, which validate the 
effectiveness of our approach. 
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