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Abstract
The traditional method of constructing fuzzy support vector machine (FSVM)
membership function based on the Euclidean distance between the sample and the
class center treats all features equally, without considering the effect of different
features on the distance between the sample and the class center. To solve this
problem, a fuzzy support vector machine classification algorithm based on
Relief-F feature weighting is proposed. First, the weights of each feature are
calculated by the Relief-F algorithm and the features with smaller weights are
removed; then the feature weights are used to calculate the weighted Euclidean
distance from the sample to the center of the class; finally, the membership
function is constructed based on the weighted Euclidean distance. This method
considers the influence of feature importance on the classification effect, and
removes the features with less weight through the weight threshold, thereby
reducing the dimension of the data and improving the classification accuracy and
training efficiency. And apply in the diagnosis of breast cancer. After theoretical
analysis and experimental data verification, this method improves the
performance of classification prediction compared to traditional support vector
machines (SVM). The results are also competitive with the latest methods and
have advantages in medical diagnostic applications.
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1. Motivation
Breast cancer is one of the most frequent malignant tumor diseases among women, which seriously threatens the life

and health of women. A large number of studies have shown that early diagnosis and treatment is a key measure to
improve the recovery rate of breast cancer patients and ensure their health. The computer-aided diagnosis (CAD)
technology based on data mining method can help doctors detect and analyze suspicious lesions and improve the
accuracy of early diagnosis of breast cancer.
In recent years, in the computer-aided diagnosis technology, due to the Support Vector Machine (SVM) method, it has

largely overcome the problems of dimensional disasters and local minimization of feature attributes in traditional
machine learning [1,2]. There are many advantages in nonlinear and high-dimensional pattern recognition, and it has
received more and more attention in the fields of biomedicine and bioinformatics [3]. SVM has become a research
hotspot in recent years due to its good performance, the main research focuses on the improvement of generalization
ability and the acceleration of learning speed. One of the ways to improve its generalization ability is to introduce new
parameters to traditional support vector machines (SVM), the typical method is fuzzy SVM [4,5].
Lin and Zhang Xiang introduced fuzzy mathematics to support vector machines and proposed a fuzzy support vector
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machine (Fuzzy SVM, FSVM) model [6,7], which assigns corresponding membership degrees according to the different
contributions of different input samples to the classification. This can reduce the impact of outliers and noise, and
improve classification performance. In order to overcome the shortcomings of different categories of sample sizes, which
leads to unsatisfactory classification performance, Fan Xin wei and others proposed a weighted support vector machine
(Weighted SVM, WSVM) model with different weights for each type of sample [8], and compensated the impact of
category differences accordingly, thereby improving the classification of small category samples, which has important
practical significance for some applications that need to focus on the accuracy of small categories of samples. Zhao Hui
and others integrated the ideas of WSVM and FSVM, and proposed a dual-weighted support vector machine (DWSVM)
model [9] that takes into account both the difference in the number of categories and the importance of the samples.
In [10], fuzzy support vector machine (FSVM) was introduced and an optimization method was proposed to improve

the accuracy of sample membership and thus improve the classification accuracy of fuzzy support vector machine. Fuzzy
support vector machine based on membership function of multi-hyperplane distance measurement is proposed in [11].
The ultimate goal of research and improvement of advanced technology is to apply it to people’s real life in order to
improve the quality of life and raise the standard of living. Therefore, in the medical and health field, the literature
applied the optimized model of SVM to the identification of breast cancer, and obtained a certain improvement in
diagnostic efficiency [12,13].
The above fuzzy support vector machines assume that the features of each dimension of the training sample have the

same contribution to the classification, and do not consider the influence of the importance of the feature on the distance
between the sample and the class center. In addition, the distance is calculated based on all the features of the sample. In
reality, not all features are strongly related to classification, and some features may be weakly related, unrelated, or even
negatively related to classification. In this case, the calculation of the distance may be dominated by features that are not
strongly correlated, so the calculated membership often does not reflect the correlation of the sample to the classification.
For example, a certain noise point is far away from the center point on some relatively important features, but it is close
to the center point on some relatively unimportant features. It is possible to calculate a relatively large degree of
membership. In turn, the effect of noise data on the optimal classification surface structure is not reduced but increased,
which plays the opposite role, resulting in a reduction in the classification effect.
In order to solve the above problems, this paper proposes a fuzzy support vector machine classification algorithm

based on Relief-F feature weighted Euclidean distance, and applies it to the diagnosis and prediction of breast cancer.
Calculate the weight of each feature and calculate the weighted Euclidean distance from the sample to the center of the
class through the Relief-F algorithm, and then construct a membership function based on the weighted Euclidean distance
and classify, in order to obtain a higher support vector machine algorithm for disease classification correct rate. On the
one hand, the algorithm considers the influence of feature importance on the classification effect, thereby generating
more accurate membership; on the other hand, by setting the weight threshold to remove features with lower weights, the
data is reduced in dimensionality and the training efficiency is improved. The experimental results show that the
improved SVM algorithm has improved classification and recognition performance, and has a significant effect in
improving the accuracy of computer-aided diagnosis of breast cancer diseases.

2. Fuzzy Support Vector Machine
Suppose the sample set T consist of n fuzzy training samples �������� ��� �������� with membership, where �� in

the i-th sample is the characteristic attribute of the sample, �� ∈ ± � is the category of the sample, and �� � � �� � �
is the membership of the sample, then the objective function of the fuzzy support vector machine is as follows:

min
�����

�
�
� � � ���

� ������

�� � � �� � � � � t ��
�� � ��� � ������

(1)

Where w is the linear coefficient of the optimal classification surface; �� is the relaxation variable of the objective
function, corresponding to the allowable offset of the data point; ��� is the penalty factor under the control of the
membership degree ��, the greater the penalty factor is the constraint on the offset sample The higher the degree; b is the
offset.
The solution process is similar to the standard support vector machine. The Lagrange multiplier method can be

used to transform the above problem of solving the optimal hyperplane into a dual problem
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min
�

�
� �

�
���
� ��������� �� � ��� t ���

� ����

s.t. ���
� ���� � ���

� � �� � ����� � �������

(2)

Where the anonymous mapping of the kernel function is Φ � , Κ ����� � Φ �� � Φ �� is called the kernel
function, and the kernel function should be selected as an inner product of the feature space. Obviously, the
difference between fuzzy support vector machine and standard support vector machine is that the upper bound constraint
of variable �� in the dual problem changes with the fuzzy factor�� , this is also equivalent to using a penalty factor ���
for each sample, so the determination of the fuzzy factor �� becomes the key to determine the performance of this fuzzy
support vector machine.

3. Design of Membership Function Based on Relief-F Feature Weighting
The design of membership function is the core of fuzzy support vector machine. The membership can reduce the

impact of noisy data on classification. However, most current methods treat all features equally and do not consider the
impact of different features on classification. To this end, this paper proposes a membership function based on Relief-F
feature weighting to implement efficient classification. The method mainly includes feature selection based on Relief-F,
calculation of weighted Euclidean distance, design of membership function and realization of feature-weighted fuzzy
support vector machine. The main framework of the classification algorithm is shown in Figure 1.

Figure 1 General framework of classification algorithm

3.1 Feature selection based on Relief-F
The basic Relief algorithm was proposed by Kira and Rendell in 1992, which is limited to solving two kinds of

classification problems [14]. In 1994, Kononeill expanded the Relief algorithm and got Relief-F algorithm [15], which
can handle multi-category problems, missing data problems, and regression problems.
Relief-F assigns different weights to features according to the correlation of each feature and category. Features with

weights less than a certain threshold will be removed. The Relief-F algorithm can detect redundant or irrelevant attributes.
The correlation between features and categories in the Relief-F algorithm is based on the ability of the features to
distinguish between close-range samples. When calculating the relative distance, the features involved can affect the
distance between these sample points, and then affect the selection of the nearest neighbors. In this way, the weight of the
feature will be evaluated.
Suppose the training data set D, the number of samples m, the threshold � of the feature weight, and the output is the

weight � of each feature:
1) Set all feature weights to 0 and W to the empty set;
2) For i=1 to m do
a) Randomly select a sample R from D
b) Find out K nearest neighbor samples H� � � ��������� from the same sample set of R, and find K nearest neighbor

samples �� � from the different sample sets of R
3) For A=1 to N all feature do

β A � � � t
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In this method, the feature weight of each feature (non-class label) in the sample set D can be calculated. The feature
with the highest feature weight value is the feature with the highest discrimination in a given feature set, namely, the
feature that contributes the most to classification. Characteristics. From this, we can use the Relief-F feature weight
method to measure the correlation of each feature with respect to the classification: The larger the feature weight is, the
stronger the correlation is. Assuming that each sample (except the class label) in the data set D is described by n
feature A��A����A� , the vector � � � �� �� �� ���� �� naturally describes the weight of each feature, where ��
represents the feature weight of the feature A�.

3.2 Calculation of Weighted Euclidean Distance
In this paper, the membership function is constructed by calculating the distance from the sample to the center.

Traditional algorithms mostly use Euclidean distance. However, the Euclidean distance cannot truly reflect the degree to
which the sample belongs to the category. To solve this problem, based on the feature set obtained by the above feature
weighting method, the weighted Euclidean distance is used to calculate the distance from the sample to the center.
1) Calculate the mean point of all the samples in the training data set D on each feature and use this as the class

center O� of the k-th class.
2) Calculate the weighted Euclidean distance of O� from all samples in D. The weighted Euclidean distance from the

sample x� to the class center O� is

�� ����� � ���
� �� ��� t ���

�
� (3)

Where �� ����� represents the weighted Euclidean distance between two samples �� and �� , ��� represents the
value of the j-th feature of sample �� , ��� represents the value of the j-th feature of the class center �� , β �
���������� is the weight vector, and �� � �㌳� � �������h is the importance weight of each feature.
3) Calculate the corresponding weighted Euclidean distance of all categories in the training set using the above

method.

3.3 Design of Membership Function
Based on the weighted Euclidean distance calculated above, a membership function based on the weighted Euclidean

distance is designed. The membership function needs to first determine the hypersphere radius of each type of training set.
Here, the maximum weighted Euclidean distance of each type of training set is used as the hypersphere radius of each
type of training set. Suppose the radius of the hypersphere of the k-th class training set is ������.
For any sample x� in the training set D, y� is the category to which x�belongs, and its membership can be calculated

by the following membership function:

�� � � t
�������
�

���������
(4)

Where �������
� represents the weighted Euclidean distance from the sample �� to the center of class �� ; �������

represents the radius of the hypersphere of the training set of class �� ; � is a small positive number set in advance to
ensure that � � �� � �.
According to equation (4), the corresponding membership degree can be calculated for each sample of the total

training set, and the fuzzy training samples can be obtained.

3.4 Implementation of Feature Weighted Fuzzy Support Vector Machine
Generally, the support vector machine constructed by kernel function with feature weighting is called feature

weighting support vector machine. The feature weighted kernel function is defined as follows：
Definition1: Feature weighted kernel function: If �� is a kernel function defined on � t ��� ∈ h� , P is the n-order

linear transformation matrix of the known set to be input, where n is the dimension of the set to be input. The Feature
weighted kernel function �� is defined as:

�� ����� � � ������� (5)

Where � � ���㌳ � �

�� �
� ��
� �

� �
� �
� �

� � � ��

is the feature weighting matrix. In general, p only considers the conditions of
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the diagonal matrix. � is the feature weight vector,β � ���������� � ∈ h� , � ≪ �� ≪ �，� � �������� �� represents
the weight of the k-th feature.
In order to obtain better experimental results, the feature weighted Gaussian radial basis kernel function, which

performs well in nonlinear feature classification, is selected as the kernel function of the classifier

Κ ����� � exp t � ��t ��
�
� � � � (6)

Feature-weighted Gaussian radial basis kernel function

�� ����� � exp t � ��� t ���
�
� ��� t γ �� t ��

���� �� t �� (7)

After determining the feature weights according to the Relief-F algorithm, using the feature weights to calculate the
weighted Euclidean distance from the sample to the center of the class to design the membership function based on the
weighted Euclidean distance, a weighted fuzzy support vector machine based on Relief-F feature can be constructed.
1) Suppose the training data set D

�������� ��� �������� ��� ∈ h���� ∈ ± � �� � �� � �
2) According to the Relief-F algorithm, the weights of each feature are calculated respectively, and the feature weight

vector is constructed:
β � ���������� � ∈ h�

3) Calculate the weighted Euclidean distance from each sample to the class center

�� ����� �
���

�

�� ��� t ���
�

�

4) Calculate the membership degree of each sample based on the weighted Euclidean distance, and calculate the
corresponding membership degree of each sample to obtain the fuzzy training samples.

�� � � t
�������
�

������� � �
5) Select the appropriate penalty parameter C> 0 to construct and solve the optimization problem:

min
�

�
�

�

�

���

�

��������� �� � ��� t
���

�

����

s.t.
���

�

���� � ���

� � �� � ����� � �������

Where P � diag β �

�� �
� ��
� �

� �
� �
� �

� � � ��

，get the optimal solution � � ���������� �

6) Calculate � � ���
� �������㌳ �� ��, Select the sample point ��，�� corresponding to a component � � �� � � of

a, and calculation � � �� t ���
� ������

����㌳ �� �� � Construct the optimal classification hyperplane
� � � � � � �� � � �,Structure decision function f � � ܽ�㌳� � � � � � .
7) In the SVM model, an optimal support vector classifier is constructed by using the constructed feature weighted

kernel function Κ ������� , and selecting an appropriate penalty parameter C and a radial basis function parameter �.
8) Performance test of constructed RFSVM.

4. Simulation Experiments and Analysis
In order to verify the feasibility and practicability of the proposed method, the databases named “Wisconsin Breast

Cancer” was selected from the UCI machine learning database for experiments. There are a total of 699 samples. Each
sample is described by 10 features (one of which is the sample number), the value range of each feature is ���� .
Excluding 16 samples that contain unknown feature values, the remaining 683 samples are denoted as S1, and S1 is a two
classification data set. In order to test the stability of the application performance of the RFSVM algorithm, this paper
implements the algorithm in the environment of Matlab 2016a. In the experiment, the 10-fold cross-validation method
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was used to conduct the experiment. In the experiment, the breast cancer data set was divided into 10 sets of similar size,
and 9 of them were taken as training sets and 1 as the test set in turn. Calculate the prediction accuracy and error.
Since each experiment will get the corresponding correct rate of the algorithm, the average value of the correct rate of

these 10 results is used as the estimation of the recognition rate of the algorithm. In order to verify the improvement of
the performance of the RFSVM algorithm in the diagnosis of breast cancer, the fuzzy support vector machine method
based on Relief-F feature weighting (RFSVM), standard SVM method and standard Euclidean FSVM method (LFSVM)
are compared. The results are shown in Table 1.

Table1. Experimental results on breast cancer data set

Table Average accuracy (%) Mean absolute error (%) Root mean square error (%) Average training time（s）

SVM 88.7 9.6 22.3 6.2

LFSVM 93.2 7.5 19.2 5.5

RFSVM 97.7 6.5 17.5 4.5

It can be seen from Table 1 that in the diagnosis of breast cancer, the RFSVM algorithm proposed in this paper
compares the other two algorithms with a relatively high average accuracy rate, less training time, and a relatively low
discrimination error in error analysis. Therefore, it can be obtained that the improved RFSVM algorithm classification
prediction performance has been improved, and the effect on the recognition rate of breast cancer disease has been
improved.

Figure 1. Training time used by the three algorithms
The time required for the first five cross-validation trainings is shown in Figure 1. It can be seen that the RFSVM takes

the least training time on the breast cancer data set. This is because when SVM and LFSVM are training, the input
training set is the original dimension the number of features; RFSVM undergoes the dimension reduction and weighting
of the Relief-F feature selection algorithm, and the calculation of the inner product of the kernel function is less.
Therefore, fuzzy support vector machines based on Relief-F feature weighting have higher training efficiency.
For the entire function class, there is no universal best algorithm. For a certain algorithm, it is only suitable for its

analysis task in a specific mode, and the average performance of all algorithms on the entire function class tends to be
balanced. In this paper, the above three algorithms are experimented on multiple disease data sets (Table 2) in the UCI
machine learning database, and the best adaptation mode of the algorithm application is investigated.

Table 2. UCI disease data set

Data set Quantity Dimension Class

Breast Cancer 683 10 2

Lung Cancer 32 56 2

Heart Disease 303 14 2

Diabetes 768 20 2

Statlog(Heart) 270 13 2

The above data sets were applied to the three algorithms mentioned previously (SVM, LFSVM and RFSVM) to
perform generalization performance experiments in the Matlab 2016a environment. The results are shown in Figure 3.
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Figure 2. UCI disease data set comparison experiment
It can be seen from Figure 2 that on these five disease data sets, the average recognition performance of the RFSVM

algorithm proposed in this paper is relatively highest, the recognition performance of the LSVM algorithm is second, and
the recognition performance of the classic SVM algorithm is the worst. However, on the Lung cancer data set, the
recognition effect of the RFSVM algorithm is not ideal. The recognition accuracy rate is reduced by about 3.5%
compared with the classic SVM algorithm, and the recognition accuracy rate of the LFSVM algorithm is also reduced by
about 7.2% compared to the classic SVM algorithm. This is because the sample size of the Lung cancer disease data set
is too small, and the training set sample size of the RFSVM algorithm is relatively small, resulting in insufficient learning
accuracy of the classification model, which reduces the recognition performance of the algorithm. This also shows that a
certain algorithm is only suitable for its analysis task in a specific mode.
But overall, the recognition accuracy of the RFSVM algorithm proposed in this paper on all disease data sets is

relatively higher than that of the other two algorithms, and the performance is improved. Has the highest accuracy rate
and the most obvious effect. The correct rate in disease detection and diagnosis is relatively higher, and the classification
performance is relatively more advantageous.

5. Conclusions
This paper analyzes the improvement of the support vector machine algorithm and the advantages and disadvantages

of solving complex problems in the medical information field, and proposes a fuzzy support vector machine based on
Relief-F feature weighting. Combine the Relief-F feature selection algorithm to calculate feature weights, calculate the
weighted Euclidean distance from the sample to the center of the class based on the calculated feature weights, and then
realize the calculation of membership and effective classification, improve the performance of the support vector
machine algorithm in classification recognition, Moreover, the feasibility and effectiveness of applying data mining
algorithms to medical diagnosis to assist doctors in improving the accuracy of disease analysis and diagnosis are verified.
The RFSVM algorithm has certain theoretical significance and practical value in the application of early diagnosis of
cancer.
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