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Abstract — Due to the rapid advancements and commercial usage of the World Wide Web, consumer feedback in the form of 
subjective comments grows exponentially over various bulletin board systems, online shops and micro-blogs. Extracting much 
valuable information from those subjective comments is a big challenge. To address this serious imbalance in the subjective 
comments across the network, this paper proposes a Cost-sensitive hybrid-kernel SVM (C-MSVM) method and applies it to 
sentiment analysis of comments. Furthermore, the entropy value method is used to determine the so called ‘penalty coefficients’. 
Experiments show that the proposed method achieves remarkable performance gains in terms of classification accuracy and has 
great potential of being used in real-world applications as compared with traditional classification algorithms. 
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I. INTRODUCTION 

The support vector machine (SVM) first proposed by 
Vapnik et al. in the 1990s is a novel machine learning 
method. To put it simply, it tries to find an optimal balance 
between learning accuracy and learning ability of specific 
training samples in order to fulfill desired criteria. Due to its 
numerous advantages, SVM has been widely used in many 
applications. However, improving SVM by adapting 
parameter combinations to different scenarios has been a 
major research topic during recent years. 

This paper employs a cost-sensitive hybrid-kernel SVM 
algorithm and proposes a method to determine penalty 
parameter using the entropy value method. The proposed 
method is then employed to classify great imbalance of the 
comments. 

II. HYBRID-KERNEL SVM ALGORITHM 

A. Fundamentals of SVM 

 
Figure 1. Optimal classification of the two classes of samples in 2-D space 

SVM is proposed for optimally separating hyperplane in 
the case of linear separability. Fig. 1 shows two linearly 
separable classes in the 2-D space, where the triangles and 
filled circles denote two distinct classes of training samples. 
The separation line H separates the two classes of samples 
correctly. Let H1 and H2 denote the two lines that pass 

through the points closest to H in each of the class and are 
parallel to H. The distance between H1 and H2 is defined as 
the separation interval and is denoted by “Marin,”as shown 
in Fig.1. 

SVM can be categorized into three cases: linear separable, 
non-linear separable, and kernel function mapping. Let

1,2,...l))}(iy,{(xT ii  denote the training sample, ix
denote the input feature of SVM and n

i Rx  , 

1}1,{yi  denotes the classification label, and l  denotes 

the number of training samples. Consider the classification 
algorithm that achieves non-linear separation of two classes 
using the kernel function SVM, the initial problem of its 
model can be formulated as: 
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where w is the determined weight vectors, C and iξ
denote the penalty coefficient and the slack variable, 
respectively. 

Under the constraints 
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We can obtain the minimized objective function: 
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decision making function is: 
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where SV is the set of support vectors. 
Observing Equations (5) and (6), it can be seen that it 

suffices for the high-dimensional space to compute the inner 
product which is constant regardless of the dimensionality. 
Therefore, the kernel function can exactly represent this 
computation. 

B. 2.2 Hybrid-kernel SVM 

The hybrid kernel function refers to the combination of 
kernel functions. There are many combinations of kernel 
functions. A good choice of kernel functions can yield 
powerful kernel functions [3]. Several kernel functions can 
be combined in a weighted manner to produce a hybrid-
kernel function as follows: 
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where qk is the qth type of basic kernel function, qm is 

the weight of the qth type of basic kernel function in the 

hybrid kernel function. The hybrid kernel function has I 
types of basic functions, and the weights of all basic 
functions amount to 1 for the purpose of constraining the 
weight of each basic kernel function in the hybrid kernel 
function. It is proven that the hybrid kernel function in 
Equation (7) meets the Mercer condition [4] and can be used 
for SVM training and classification. The inner product of the 
input samples is computed using this hybrid kernel function 
to obtain the corresponding kernel matrix. At the end of 
training process, we can obtain the desired classification 
model and the classification results. 

The polynomial kernel function has a remarkable 
generality ability while the radial basis function(RBF)has 
strong learning ability. From Equation (7), it can be 
formulated as[5]: 

 )x(x,a)k(1)x(x,ak)xk(x, '
rbf

'
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The Equation (8) needs to consider four parameters: the 
order of the polynomial function d, the kernel width of the 
Gauss kernel s, the weighting coefficient m, and the penalty 
coefficient C. 

In order to evaluate the classification performance of the 
hybrid kernel function, it is compared with the other methods 
which employ either linear kernel, Gauss kernel function or 
the polynomial kernel alone. The evaluation metrics include 
sensitivity (SEN) and accuracy (ACC), where, ACC implies 
the overall detection performance, and SEN implies the non-
omission rate. ACC and SEN are computed as: 
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TABLE 1.CROSS VALIDATION RESULTS WITH VARYING KERNEL FUNCTIONS IN THE TRAINING STAGE 

Class of kernel functions 
10-fold cross validation 

Optimal parameter combinations 
ACC SEN 

Linear kernel 0.93540 0.82994 82C   

Radial basis function 0.93004 0.83562 9 32 , 2C s    

Polynomial kernel 0.90892 0.8224555 22 9  dC ，  

Hybrid kernel function 0.93540 0.83562 58.0,3,22 84   mdsC ，  

TABLE 2. RESULTS OF THE TEST SETS USING OPTIMAL PARAMETER SETTING 

Class of kernel Optimal parameter combinations 
10-fold cross validation 

ACC SEN 

Linear kernel 82C  0.912 0.8879 

Radial basis function 39 2,2  sC  0.912 0.8879 

Polynomial kernel 22 9  dC ，  0.897 0.8499 

Hybrid kernel function 58.0,3,22 84   mdsC ，  0.923 0.9212 
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where P denotes the positive class in the data set, N 
denotes the false class, FP (False Positives) denotes the 
number of negative samples misclassified as positive, FN 
(False Negative) denotes the number of positive samples 
misclassified as negative, TP (True Positives) denotes the 
number of positive samples correctly classified as positive, 
TN (True Positives) denotes the number of negative samples 
correctly classified as negative. 

Both the training and test sample sets in the experiment 
are balanced data sets(In the data set, the number of samples 
is evenly distributed). The training results are listed in Table 
1, and the test results are listed in Table 2. 

The training data sets are classified into 10 folds, and the 
parameters are chosen using the grid search strategy. Table 1 
presents the optimal results and the corresponding optimal 
parameter settings obtained via cross validation during the 
training stage. Table 2 shows the results obtained by 
employing the test sets using optimal parameter setting. 

It can be seen from the tables that when the cross 
validation strategy is used to find optimal parameters, the 
hybrid kernel function can yield performance gains 
simultaneously for both ACC and SEN. Similar performance 
gains can also be achieved when the experiment is done 
using the test set. This implies that the proposed hybrid 
kernel function SVM algorithm outperforms other single-
kernel SVM algorithms in terms of overall performance, 
learning, and generality abilities. 

III. C-MSVM BASED ON THE ENTROPY VALUE 

METHOD 

A. Class Imbalance Problem 

In machine learning, the imbalance of class in the data set 
is referred to as the class imbalance problem (CIP), meaning 
that the difference in the number of samples between 
different classes is enormous. The class with more samples is 
called the majority class, while the class with few samples is 
called the minority class. Extreme class imbalance will cause 
the declination of classification plane to one class, thus, 
greatly degrading classification performance. 

In CIP, we are usually interested in the minority class. 
For example, a popular electronic product usually obtains 
more positive comments than negative comments. But the 
interest of the manufacturers, sellers and potential purchasers 
lie in the negative comments. The reason is that with these 
negative comments, the manufacturers can identify defects of 
the product and make improvements, whereas, the sellers can 
handle the most frequent complaints of users, and the 
potential purchasers can make their choices based on the 
analysis of negative comments. 

In this context, when serious class imbalance occurs to 
the data set under classification, our focus is on the minority 
class. Thus, the minority class is referred to as the positive 
class, and the majority class is referred to as the negative 
class. 

B. C-MSVM 

In the traditional SVM, both the negative and positive 
classes share the same penalty coefficient C. However, in 

case of serious class imbalance, it is inappropriate to use the 
same penalty coefficient. To address this problem, we 
introduce different penalty coefficients, i.e., C  and C , 
and refer this algorithm as the cost-sensitive SVM (C-SVM). 
While handling CIP, however, most of the methods, 
including C-SVM, adopt one single kernel function without 
exploiting the advantage of multi-kernel learning. Hence, 
this paper proposes a cost-sensitive hybrid-kernel SVM 
algorithm (C-MSVM). Due to the paramount significance of 
multi-kernel learning to SVM, the multi-kernel learning 
strategy is incorporated into the construction of C-SVM, and 
the mathematical model of the original problem is described 
as follows : 

 




































l,1,2,i

0ξ

ξ1b))Φ(x(wys.t.

ξCξCw
2

1
min

i

ii

l

1i
i

1y
i

1y
i

2

ii



 (11) 

The Lagrange multiplier is used to transform the original 
problem into its dual problem: 
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Its criterion function is: 
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The hybrid-kernel function is still the weighted 
combination of the Gauss kernel and the polynomial kernel 
function. 
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Before training the model, we compute the numbers of 
negative and positive samples of the imbalanced data sets. 
During model training, we assign different penalty 
coefficients to negative and positive samples. 
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C. Determination of Penalty Coefficients Using the entropy 
Value Method 

Generally, there are two methods to determine the 

penalty coefficients  C,C . The first method is to perform 

experimentation based on cross validation. However, the 
aforementioned method is not theoretically tenable and 
mostly relies on experience to choose parameters. The 
second method is to define the inverse ratio between the 
numbers of samples as the ratio between the penalty 

coefficients, i.e.,    mu_num/v_nu/CC  ,where 

u_num denotes the number of negative samples, v_num 
denotes the number of positive samples [6]. Theoretically, 
this method is based on the fact that CIP is caused by the 
enormous difference in the number of samples between 
different classes [7]. However, some researchers have shown 
that even for the data that suffers serious class imbalance, if 
the overlap between classes is not serious, the classification 
performance is still significant [8].Hence, the two 
aforementioned methods are easy to implement however, 
they have serious limitations. This paper proposes an 
algorithm to determine penalty coefficients using the entropy 
value method which computes the information entropy of 
each class of samples, and the weight of metrics is 
determined according to the overall influence of relative 
variation of samples on coefficients. Thus, it is an objective 
weight determination method. In the C-MSVM construction 
process, the entropy value method can be used to determine 

the values of penalty coefficients  C,C . 

Information entropy is a concept in the information 
theory for measuring the amount of information. The more 
ordered a system is, the smaller the information entropy; the 
more chaotic a system is, the higher the information entropy. 

Consider a system that has many events  n21 a,,a,aS  , 

the probability distribution of these events is 

 n21 Λ,,Λ,ΛΧ   and  
S

i
i 1lnΛ  , where the 

information content of 1a  can be represented as ilnΛ- , and 

the entropy of the system S is 
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majority class I+ and the minority class I- [9] can be 
computed as: 
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Where all_num is the total number of samples, and 
all_num = u_num + v_num. 

Computing the difference between coefficients of the 
majority class I+ and the minority class I-, and substituting 
Equations (15) and (16), we have: 
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 d,d in Equation (18) denote the difference 

coefficients of the majority class I+ and the minority class I-, 
respectively. 

The values of  C,C  can be computed as: 
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IV. APPLICATION OF ENTROPY-BASED C-MSVM 

IN SENTIMENTAL ANALYSIS OF COMMENTS 

Online shops list the comments from customers as a 
reference for potential buyers. But for comments on products, 
especially on very popular and mainstream products, there is 
usually a very extreme phenomenon that the positive 
comments far exceed the negative and neutral comments, as 
shown in Fig. 2. Furthermore, many of the comments are 
false and faked, causing great imbalance of the entire data set. 
This paper uses the entropy-based C-MSVM method to 
perform sentimental analysis of comments. 

A. Choice of Sampled Data 

The experimental data in this paper came from the 
comments of customers on an electronic product being sold 
at Taobao.com. There are a total of 27, 021 comments, 24, 
079 of which show that the customers are generally 
contented with the product quality, while the rest of 2,942 
comments implied complaints. Obviously, this is a very 
imbalanced data set. Hence, the neutral and positive 
comments were categorized into the majority class, i.e. the 
negative class; the negative comments were categorized into 
the minority class, i.e. the positive class. 
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Figure 2. Accumulation of comments 

 
Figure 3. Simulation result with F-measure as the evaluation metric 

 

Figure 4. Simulation result with G-means as the evaluation metric 
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B. Choice of Evaluation Metrics for Samples Classification 

It is inappropriate in CIP to measure the classification 
performance using the accuracy metric since the ratio of 
positive samples is small. Measuring the classification 
performance using the metric of accuracy with respect to the 
entirety of samples will incline the algorithm to classify the 
majority class of samples more effectively at the neglect of 
the minority class. Hence, F-measure and G-means are 
usually used as evaluation metrics for imbalanced data sets. 

Classification accuracy (Precision): Precision = 
TP/(TP+FP), implies the ratio of the correctly classified 
positive samples to the samples that are classified by the 
classifier into the positive class. 

Classification sensitivity (Sensitivity):Sensitivity = 
TP/(TP+FN), implies the ratio of correctly classified positive 
samples. 

(1) F-measure [10] 

 

2 Sensitivity Precision
F-measure

Sensitivity Precision

2
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This measure implies the harmonic average of 
classification accuracy and sensitivity. It can be used to 
represent the ability of the classifier to distinguish between 
the two classes. A high value of F-measure means that the 
classification accuracy and sensitivity approach unity and 
that the classifier’s performance is excellent. 

(2) G-means [11] 

 ySensitivitySpecificitmeans-G   (22) 

The value of G-means is a geometric mean of 
classification accuracy and sensitivity and implies the ability 
of the classifier to classify samples in a balanced manner. A 
high value of G-means shows that this classifier puts in 
remarkable balanced classification ability. 

C. Experiment Results and Analysis 

The 27,021 comments were divided into 10 groups to 
demonstrate the performance of the proposed method 
through 10-fold cross validation. The result of the proposed 
method is compared with C-SVM which uses the radial base 
function (RBF) as the kernel, the multivariate analysis 
method (MAD), and the back propagation neural network 
algorithm(BP)The results are shown in Figs. 3 and 4. The 10 
groups of data are averaged, as shown in Table 3. 

The closer to unity the metrics F-measure and G-means, 
the better is the classification performance. From Figs. 3 and 
4, it is observed that the dashed line of C-MSVM is always 
above the simulation result. The statistical data in Table 3 
also indicates that the proposed method provides the highest 
values of F-measure and  G-means. Although its value of G-
means is almost equal to C-SVM, however, it outperforms 
the other three methods by a large margin. This means that 

the proposed C-MSVM can perform sentimental analysis of 
comments more effectively than other models. 

TABLE 3. EXPERIMENTAL RESULTS OF MDA, BP, C-SVM AND C-

MSVM 

Methods F-measure G-means 

MDA 0.409 0.429 

BP 0.529 0.498 

C-SVM 0.731 0.722 

C-MSVM 0.785 0.727 

V. CONCLUSION 

This paper first briefly described the basic principles of 
SVM. Then, the superiority of the hybrid-kernel SVM over 
the traditional single-kernel methods is verified through 10-
fold cross validation method. Further, this paper proposed a 
cost-sensitive hybrid-kernel SVM to address the serious 
imbalance of data sets of subjective comments. Due to the 
great influence of the positive and negative-class penalty 
coefficients on the classification performance, the entropy 
method is introduced to determine the penalty coefficients of 
positive and negative classes. Finally, the proposed C-
MSVM is compared with C-SVM, BP and MDA under the 
metrics of F-measure and G-means. Experiment 
demonstrated the superiority of the proposed method, 
however, it also has some limitations. Constructing the 
hybrid kernel increases the number of relevant parameters 
and adds difficulty to parameter optimization. Appropriate 
algorithms can be used to optimize parameters, and speed up 
the training process and search for the optimal parameter 
combination. We have left this problem as our future work. 
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