
Abstract
A binary  Discrete Particle Swarm Optimization;BPSO/DPSO 
was proposed and successfully applied to the classification risk 
of Wisconsin-breast-cancer data set. Breast cancer is one of the 
leading causes of death among the women in many parts of the 
world. In 2007, approximately 178,480 women in the United 
States will be found to have invasive breast cancer. However, the 
medical technology has been improved and causing declination 
of the mortality in breast cancer in the past decade. This has 
been possible owing to earlier diagnosis and improved treatment. 
Hence, the purpose of this study was to separate from a population 
of patients who had and had not breast cancer. This study proposed 
the methodology for data mining that the fundamental of concept 
was in terms of the standard PSO called Discrete PSO. The 
novel PSO in which each particle was coded in positive integer 
numbers and has a feasible system structure. Based on the obtained 
results, our research used the two rules to improve the accuracy 
to 96.995%, sensitivity to 100% and specificity to 95.83%. The 
results compared with the previous research that showed the 
improvement of accuracy at the same number of rules. In this 
research we have got high quality results which can be used as 
reference for hospital decision making and research workers.
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I. Introduction
Until 21 century the cancer is still the main cause of death in all 
worlds. According to statistics of World Health Organization; 
WHO, we can find more than 10 million human to be diagnosed 
the cancer and 6 million will die. For example, in the United States, 
cancer is the second cause of death; it leads to approximately 25% 
of all mortalities. Furthermore, the medical resource allocation and 
utilization of particular interest in the case of cancer, it’s cost 263.3 
billion per year [1, 2]. Breast cancer is the most common cancer 
in women, with over 1 million new cases diagnosed annually. 
It is estimated that approximately 500,000 women will die of 
breast cancer each year, making this the second leading cause 
of death from cancer in women, with a lifetime risk of the order 
of 1/10. The molecular events relating to breast cancer biology 
and pathogenesis had greatly increased over the last decade [3, 
4]. However, the development of medicine technology makes 
the mortality in breast cancer has declined in the past decade, 
due to earlier diagnosis and improved treatment [2, 5, 6]. Hence, 
it is important to improve the accuracy of earlier diagnosis. 
The data mining is a sophisticated tool for classification tasks. 
Nevertheless, health care related data mining is one of the most 
rewarding and challenging area of application in data mining 
and knowledge discovery. The challenges are due to the data 
sets which are large, complex, heterogeneous, hierarchical, time 
series and of varying quality. The available healthcare data sets are 
fragmented and distributed in nature, thereby making the process 

of data integration a highly challenging task [7]. Moreover, data 
classification method has been applied in problems of medicine, 
social science, management, and engineering [8]. Therefore, 
this study proposed the data classification method using Binary/
Discrete Particle Swarm Optimization called BPSO/DPSO, and 
adopted the classification rules to diagnosis whether the tumor of 
patient is malignant or not. 

II. Data mining for classification tasks
With the rapid growth of databases data mining has become 
an increasingly important approach for data analysis. In past 
years, research in molecular biology and molecular medicine 
has accumulated enormous amounts of data. Such large amount 
of information must be thoroughly analysed to gain a better 
understanding of the underlying biological processes. Methods 
of knowledge discovery and data mining are the best candidates 
for this challenging task. The operations research community 
has contributed significantly to this field, especially through the 
formulation and solution of numerous data mining problems 
as optimization problems, and several operations research 
applications can also be addressed using data mining methods. 
One of the important tasks in data mining is classification. In 
classification, there is a target variable which is partitioned into 
predefined groups or classes. The classification system takes 
labeled data instances and generates a model that determines the 
target variable of new data instances. The discovered knowledge is 
usually represented in the form of if–then prediction rules, which 
have the advantage of being a high level, symbolic knowledge 
representation, contributing to the comprehensibility of the 
discovered knowledge.

III. Introduction of the PSO
The Particle Swarm Optimization (PSO) technique is a population 
based stochastic optimization technique first introduced by Eberhart 
and Kennedy [9]. It belongs to the category of Swarm Intelligence 
methods; it is also an evolutionary computation method inspired by 
the metaphor of social interaction and communication such as bird 
flocking and fish schooling. The values 11ρc  and 22ρc  determine 
the weights of the two parts, and 21 cc +  is usually limited to 4 
[9]. To apply PSO, several parameters including the number of 
population (m), cognition learning factor (c1), social learning 
factor (c2), inertia weight (w), and the number of iterations or CPU 
time should be properly determined. We conducted the preliminary 
experiments, and the complete computational procedure of the 
PSO algorithm can be summarized as in the following.
1) Initialize: Initialize parameters and population with random 

position and velocities.
2) Evaluation: Evaluate the fitness value (the desired objective 

function) for each particle.
3) Find the pbest: If the fitness value of particle i is better than 

its best fitness value (pbest) in history, then set current fitness 
value as the new pbest to particle i.

4) Find the gbest: If any pbest is updated and it is better than 
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the current gbest, then set gbest to the current value.
5) Update velocity and position: Update velocity and move to 

the next position according to Eqs. (1) and (2).
6) Stopping criterion: If the number of iterations or CPU time 

are met, then stop; otherwise go back to step 2.
Since PSO was first introduced to optimize various continuous 
nonlinear functions by Kennedy and Eberhart [9], it has been 
successfully applied to a wide range of applications [9, 10]. 
However, the major obstacle of successfully applying a PSO is 
its continuous nature. To remedy this drawback, Kennedy and 
Eberhart [9, 10] developed a discrete version of PSO (BPSO). 
In BPSO, the particle is characterized by a binary. solution 
representation and the velocity must be transformed into the 
change of probability for each binary dimension to take a value 
of one. Basically, BPSO updates the velocity according to Eq. 
(1) but particles are represented by binary variables and without 
using w. Furthermore, the velocity is constrained to the interval 
[0, 1] by using the following sigmoid transformation:
     (1)                                                               

                        (2)                                                                                            

                        (3)                                           

Where denotes the probability of bit  taking 1. To avoid  
approaching 0 or 1, a constant Vmax is used to limit the 

range of velocity. Typically, Vmax is often set at 4 such that
   [ ]4,4−∈t
ijv     and

         

       (4)                                     

Each bit of particles, at each time step, changes its current position 
according to Eq.(5) instead of Eq.(2) based on Eq.(3) as follows 
[10]:

            (5)                                           

This paper aims at creating a novel PSO in which each particle 
is coded in positive integer numbers and has a feasible system 
structure. The proposed DPSO for data mining can overcome the 
drawbacks of GAs that [11] proposed. The details are presented 
below.

IV. Study Method
This study developed a process for data mining which we adopted 
the methodology that the fundamental of concept was in terms of 
the standard PSO called Discrete PSO. In the case of the Wisconsin 
breast cancer data set tested in this study. The data set included 9 
features and 1 class variable, and we filled the values which appear 
the most frequently in that feature to substitute for the miss data. 
Besides the class variable, the value of 9 features is between 1 and 
10, with a higher value corresponding to a more unusual situation 
of the tumour such as Table 1. The data set contains 699 points, 
458 were diagnosed to be benign (class=2) and 241 malignant 
(class=4). Further, we divided the training data set which contain 
466 patients’ records and validation data set which contain 233 
patients’ records from original data set randomly. The training 

data set are used for learning the breast cancer pattern and then 
generating the decision rule(s), and the validation data set which 
have not been used to develop the system are used to validate the 
results.  Fig. 1 shows the flowchart of this study.

Original data set

Discrete-PSO

Meet the accuracy 
predefined

The data of unable 
classify correctly

Discovery of 
decision multi-

rules

No

Yes

Validation data set

Training data set

Classification rule

Update the training data set

DPSO operations
(Particle update)

Fig.1: The flowchart of this study
 
Table 1: The feature variable of data set

Feature variable Domain

Clump Thickness 1~10

Uniformity of Cell Size 1~10

Uniformity of Cell Shape 1~10

Marginal Adhesion 1~10

Single Epithelial Cell Size 1~10

Bare Nuclei 1~10

Bland Chromatin 1~10

Normal Nucleoli 1~10

Mitoses 1~10

Class 2,4
2:benign, 4:malignant

A. Discrete PSO
This study proposed the methodology for data mining that the 
fundamental of concept was in terms of the standard PSO called 
Discrete PSO;DPSO. This paper aims at creating a novel PSO in 
which each particle is coded in positive integer numbers and has 
a feasible system structure. We would introduce the algorithm 
process of DPSO:

1. Encoding
The concept of encoding was according to [12]; however we 
revised the original process to be more systematized and effective 
in the light of solving the problem. Further, Fig. 2 show the form 
of encoding in this study, we assume that the number of selected 
feature variables to be m.
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2. Fitness Function
According to the scenario of the individual, we can calculate 
the accuracy that represents the fitness value of this individual 
such as Table 2. In terms of relative reference, we define the TP, 
TN, FP and FN rate parameters to show in the Table 3 [6, 12]. 
The calculation of accuracy is the amount of the malignant being 
select correctly plus the amount of the benign being not select 
that divide the amount of data. Besides accuracy, we consider 
the other two performance measures including sensitivity and 
specificity simultaneously. The definition of accuracy, sensitivity 
and specificity are showed below.

No of features 
Available

Variable 1 > or = 
or <

Threshold

Fig.2: The form of encoding

Table 2.The fitness value of each individual

　 NO. of variable Variable Sign Threshold Fitness

1st individual A1 iA11 iA12 iA13 ζA1

2nd individual A2 iA21 iA22 iA23 ζA2

… … … … … …

Kth individual AK iAK1 iAK2 iAK3 ζAK

Table 3.The definition of TP, TN, FP and FN rate parameters

Actual state
Predicted patient state

Classified as 
“true”(Positive)

Classified as 
“false”(Negative)

Class is “true”       
(Positive) TP FN

Class is “false”    
(Negative) FP TN

3. Individual update
The underlying principle of the traditional PSO is that the next 
position of each particle is a compromise of its current position, 
the best position in its history so far, and the best position among 
all existing particles. Eq. (2) is very easy and efficient to decide 
next positions for the problems with continuous variables, but not 
trivial and well-defined for the problems with discrete variables 
and sequencing problems. To overcome the drawback of PSO for 
discrete variables, a novel method to implement PSO procedure 
is proposed based on the following equation after wC , pC , and gC  
are given:

where

ww cC =

pwp cCC +=

gpg cCC +=

The process of update would describe below:
• Generate a random variable called î  that is between 0 and 

1.
• If wC<≤ î0  is true then the original individual will be kept, else 

if pw CC <≤ î  is true then the original individual will be replaced 
by Pbest, else if gp CC <≤ î  is true then the original individual will 
be replaced by Gbest, else if 1î ≤≤gC  is true then the original 
individual will be replaced by new individual which generate 
randomly.

• Repeat the above process until the terminative criteria has 
been meeting.

Updating the velocity and positions are the most important parts 
of PSO. They play an important role in exchanging information 
among particles. It leads to an effective combination of partial 
solutions in other particles and speeds up the search procedure 
early in the generation. In the traditional PSO, each particle needs 
to use more two equations, generate three random numbers, five 
multiplications, and three summations to move to its next position. 
Thus, the time complexity is O (8nm) for the traditional PSO. 
However, there is no need to use the velocity, and one random, two 
multiplications, and one comparison are needed in the proposed 
DPSO after wC , pC  and gC  are given. Therefore, the proposed DPSO 
is more efficient than other PSOs. Fig. 3 shows the process of 
individual update.
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Fig.3.The flowchart of individual update

V. Experimental results
In rule 1, we could derive the best accuracy to be 0.9528 that the 
classification rule was “Uniformity of Cell Shape >2 and Bland 
Chromatin >2”. In our study, the data could not be classified 
correctly by rule 1, we adopted the method of [11] that new decision 
rule is to be explored. In this process, both the selected feature of 
training data not being classified correctly and all the unselected 
feature of data are preserved for mining in an additional rule. After 
the repeated process, we found that Rule 2 is “Uniformity of Cell 
Shape <10 and Bland Chromatin =2”. So far, this study utilized 
two rules to improve the accuracy to 96.995%. Table 4 showed the 
comparison results with GAs. We found that the proposed DPSO 
can enhance the accuracy by 1.28%. Table 5 and 6 showed that the 
performance of Type I error in GAs and DPSO to be equivalent. 
According to the above results, the proposed DPSO had shown 
to be better than the GAs in enhancing the performance of Type 
II error by 4.67%. However, we merely used two rules that had 
the same accuracy for the GAs that used three rules.

Table 4 :Comparison of DPSO and Gas

　 No. Decision rules
Accuracy

Training Validation

DPSO

1

if (Uniformity of Cell 
Shape >2 and Bland 
Chromatin >2) then 
Malignant

0.9356 Rule1                   
0.9528

2

if (Uniformity of Cell 
Shape <10 and Bland 
Chromatin =2) then 
Malignant

0.9505
Rule 
1+Rule 2       
0.96995

GAs 
[11]

1

if (Uniformity of 
Cell Size>2.4467 and 
Uniformity of Cell 
Shape>2.5096) then 
Malignant

0.9335 Rule1                   
0.9614

2

if (Bland 
Chromatin>3.0526 
and Clump 
Thickness>3.1710) 
then Malignant

0.9539
Rule 
1+Rule 2       
0.9654

3

if (Bare 
Nuclei>3.0899 
and Uniformity of 
Cell Size=2) then 
Malignant

0.956

Rule 
1+Rule 
2 +Rule3 
0.96995

 
Table 5 : The relative rate of experiment

Accuracy Sensitivity Specificity

96.995% 100% 95.83%

TP=65, FN=0, FP=3, TN=165

Table 6 : The results of diagnose

Actual class

Classified class

I(without 
breast 
cancer)

II(with 
breast 
cancer)

I(without 
breast cancer)

DPSO 165(95.83%) 7(4.67%)

GAs 
(T.C.Chen et 
al., 2006)

146(95.42%) 7(4.58%)

II(with breast 
cancer)

DPSO 0(0%) 65(100%)

GAs 
(T.C.Chen et 
al., 2006)

0(0%) 80(100%)

VI. Conclusion
The best way to improve a breast cancer victim’s chance of long-
term survival is to detect it as early as possible. Data mining 
is the search for valuable information in large volumes of data 
[13]. Hence, the DPSO was proposed and successfully applied to 
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the classification risk of Wisconsin-breast-cancer data set. Based 
on the obtained results, our research used two rules to improve 
the accuracy to 96.995%, sensitivity to 100% and specificity to 
95.83%. The results compared with the previous research to show 
that we merely used two rules to compare with the GAs that used 
three rules, and the result of accuracy was equivalent. In this 
research we have got high quality results which can be used as 
reference for hospital decision making and research workers. In 
future research, we not only continued to ameliorate the process of 
data mining but applied to the various domains so that improved 
the medical quality.
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