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Abstract. Breast cancer is considered as one of the most common cancers 
worldwide. It affects millions of women, of all ages. The automatic or semi-
automatic detection of breast cancer lesions is still a challenge for the scientific 
community, and several methods have been proposed to perform this task. In 
this paper, we evaluate the performance of several supervised classification 
algorithms, for breast cancer detection. We also explore the impact of rough Set 
based feature selection technique in breast cancer data obtained from 
mammography images. The experimental results show that bio-inspired 
techniques based on Artificial Immune Systems obtain promising results. 
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1   Introduction 

The most common cancers among the world are breast, colon, lung and prostate 
cancer [1]. Breast cancer is a serious problem in women’s health around the entire 
world. According to the paper presented by Felicia Marie Knaul and collaborators [2], 
since 2006, breast cancer is the worldwide second cause of death among women 
between 30 and 54 years. In Mexico, an increase of 16,500 annual cases is estimated 
by 2020, due to population growth and aging. Breast cancer causes many more deaths 
compared to cervical cancer [2], and affects adult women of all ages and all economic 
levels. Aging is a factor in the development of cancer; however, age is not a main 
factor given that breast cancer does not depend directly on it but certain types of 
cancer occur more frequently at older ages. Therefore, it is highly recommended to 
perform an annual examination for breast lesions for women aged between 40 and 49. 

There is a necessity in all countries to promote the use of techniques to detect 
breast cancer in early phases. The data presented [1] shows that only between 5% and 
10% cases of breast cancer in Mexico are detected in early phases compared to 50% 
of the cases detected in the United States of America. The automatic or semi-
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automatic detection of breast cancer lesions is still a challenge for the scientific 
community [3-5]. Several works have been proposed for breast image segmentation 
and classification [6-8], and international repositories of breast cancer data are now 
available [9-11]. However, there is a lack of recent comparative studies in the 
performance of supervised classification algorithms for detecting breast cancer. In 
this paper we address this issue, by performing an experimental comparison of several 
classification algorithms over mammographic image data. Our comparison includes 
classic algorithms and bio-inspired algorithms, which presented competitive 
performance compared to classic algorithms. We also explore the influence of feature 
selection methods in breast cancer classification. 

The paper is organized as follows. Section 2 addresses some previous works in the 
field of automatic or semi-automatic breast cancer diagnosis. Section 3 explains the 
classification algorithms under comparison, while section 4 presents the experimental 
results. The paper finalizes with conclusions and future work. 

2   Previous Works 

Breast cancer is a serious problem in women’s health around the entire world. 
There are several techniques used for the accurate diagnosis of breast cancer, such as 
mammography studies [12], Magnetic Resonance Image (MRI) [13], ultrasounds [14] 
and biopsy [15], among others. The automatic and semi-automatic detection of breast 
cancer lesions have been addressed since 1987 [16]. Later in 1993 [17] a method was 
proposed for cancer diagnosis based on image analysis. In 1999, Pena-Reyes and 
Sipper proposed an automatic diagnosis of breast cancer combining two 
methodologies: fuzzy systems and evolutionary algorithms [18]. In 2015 a work was 
presented [19] using Krill Herd optimization algorithm to classify breast cancer 
datasets. This work obtained a simple classification rule in order to classify breast 
cancer lesions. This rule can be used in the decision making process for the breast 
cancer diagnosis. In 2016 Magna et al. proposed an ensemble of classification models 
based on artificial immune systems to identify mammography anomalies for breast 
cancer detection [20]. This resulted in promising results using it for classification 
tasks, which represents an important advance in artificial immune systems. 

Nevertheless, there is no a comparison of algorithms used for classification task 
including bio-inspired algorithms. In this paper, we addressed this issue, by 
performing a wide-range comparison of several supervised classifications algorithms, 
for detecting the presence or absence of breast-cancer in mammography images data.  

3   Classification algorithms used in the experiments 

Supervised classifiers aim at predicting the class of a new, unlabeled instance, by 
considering the information of previously labeled instances; that is, the instances in 
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the training set. In the following section, we will explain the main aspects of the 
supervised classification algorithms under comparison. 

The Nearest Neighbor (NN) classifier was proposed by Cover and Hart in 1967 
[21] as an algorithm to classify patterns according to the k nearest neighbors in the 
previously learnt patterns. This algorithm is one of the most fundamental and simpler 
classification methods, positioning it as one of the first choices for a classification 
task. 

It has been used to solve a wide range of problems, such as on-chip template 
reduction [22], study of unfolded state of peptides and proteins [23], traffic flow 
forecasting [24] and breast cancer classification [25]. 

Naïve Bayes classifier is based on the Bayes Theorem and is useful to deal with 
issues of uncertainty and noise [26]. 

Naïve Bayes assumes that all the attributes are not related and even with that 
assumption the Naïve Bayes classifier has showed a nice performance for estimations 
and feature selection for text classification [27]. This classifier has also been used for 
risk classification [28], fault diagnosis [29] and recently for breast cancer detection 
[30]. 

Support Vector Machines (SVM) have been gaining popularity within pattern 
recognition [31-33]. SVM has been used for recognizing human actions [31], protein 
classification [32], and also for breast tumor classification [33]. 

Decision trees are a family of supervised classifiers. A decision tree produces a 
model with rules for both continuous and categorical variables [34]. Among decision 
trees, the C4.5 algorithm is highly relevant [35]. This method is used for predicting 
categorical outcomes and it has been used for imbalanced data sets and redundant 
features in text categorization [36]. It has also been used for breast cancer prediction 
in ultrasound images [37], heart disease prediction [38] and satellite network fault 
prediction [39]. 

RIPPER is a rule-based classifier [40]. This classifier is one of the most popular 
algorithms because of the set of rules generated using incremental reduced error. This 
algorithm is based on finding a set of rules that cover all the patterns for each class in 
the dataset [40]. 

Among bio-inspired classification techniques, the ones based on the Immune 
System have acquired a high relevance for several disease classifications, such as 
chest diseases [41] breast cancer [20] and Parkinson [41]. 

The Immune system is a complex system which allows processing information 
using pattern recognition, learning skills and pattern memory. This system is 
decentralized, which implies that this system is fault tolerant. The Artificial Immune 
System tries to mimic the behavior of the Biological Immune System [42]. 

The Biological Immune System is composed of cells, molecules and organs whose 
function is to keep a healthy organism, protecting it from harmful agents (Antigens). 

The innate Immune System has, since we were born, the ability to recognize and 
destroy antigens. This system is the responsible for activating the adaptive immune 
system response. 
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There are many algorithms based on Artificial Immune Systems which try to 
mimic some process or characteristic of the Biological Immune System [42]. The 
most common are: 

Immune network: It is based on creating a network that has connected nodes that 
recognizes; also it has nodes that interact with external antigens [43]. 

Negative Selection: It is based on discriminating cells which belong and not belong 
to the system. Also it detects changes in the system behavior using detectors that do 
not necessarily have communication with other detectors [44].  

Clonal Selection: It is based on the idea that only the best lymphocytes responding 
to the presence of antigens will be reproduced using cloning algorithms [45].  

Dendrite cells: It is based on a network that represents the behavior of cells in a 
population. It is used in multi-scale approach [46].  

In this paper we explore two immune-based algorithms and their variations: the 
Clonal Selection based algorithms [45], and the Artificial Immune Recognition 
System (ARIS) algorithms [47]. 

Clonal Selection algorithm is very similar to genetic algorithms but the population 
is dynamic. Also, only the best antibodies of the population are taken using an affinity 
function. These antibodies are cloned and mutated using an inverse affinity function 
(The higher the affinity, the lower the probability of mutation). Antigens are chosen 
with the highest affinity and the process is repeated. 

On the other hand, ARIS algorithm was proposed by Watkins [48] in 2001 as an 
unsupervised learning algorithm inspired by the biological theory of clonal selection 
proposed by Burnet in 1957 [49]. The AIRS algorithm was designed later for 
classification problems [47]. Typically the Euclidean distance is used as affinity 
function. For this algorithm, all the cells are initialized with small random quantities. 
All the algorithms were tested in the WEKA software [50] using the implementations 
of Jason Brownlee in 2015. 

4   Experiments 

The dataset used in this paper was from the Breast Cancer Digital Repository [10] 
by the Faculty of medicine in the University of Porto, in Portugal. 

This dataset is composed of 200 biopsy-tested lesions of 190 women, rendering 
362 segmentations including clinical data and descriptors based on the segmented 
images.  

This is a binary class dataset (Benign class and malignant class) due to the 
classification made by the radiologist. The dataset has missing values wich are 
represented as NaN (Not a number). The lesion outlines were identified by a group of 
expert radiologists. 

Using the AIRS classifiers implementation for WEKA software [50], we obtained 
the performances for the algorithms implemented as showed in Table 3. There are 
three fundamental models implemented in AIRS classifiers: Based on AIRS 
algorithm, Based on Clonal Selection algorithm and Based on Immune Systems. 
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According to Table 3, only the algorithms that had the best performances were used 
for later tests. The validation algorithm used for all algorithms was 10-fold cross-
validation [51]. 

 
Table 3.   Performances of the bio-inspired algorithms in WEKA using default 

configurations. 
 

Algorithm Performance
AIRS 1 70.442%
AIRS 2 67.6796%
AIRS 2 Parallel 71.2707%
CLONALG 56.3536%
CSCA 56.0773%
Immunos 1 56.0773%
Immunos 2 59.3923%
Immunos 99 55.8011%

 
The algorithms used in the comparisons were AIRS 1 [48], CLONALG [52] 

and Immunos2 [53] because they showed to be the algorithms with the best 
performances for each fundamental model. The default parameters and their 
descriptions of AIRS 1 and CLONALG are presented in Table 4 and Table 5. 
Immunos2 does not have modifiable parameters. 

The parameters in bold letters of Table 4 and Table 5 are very sensitive to modifications 
in order to obtain a better performance. Each parameter was changed by the values of Table 
6. When changing the previous parameters, we obtained the performances shown in Table 7. 

The classical supervised classifiers were used with their default parameters. Gathering all 
the information, we can definitely analyze the performances of the classifications made by all 
the algorithms tested in this paper. The results are shown in Table 8. 

We can observe that AIRS algorithm is the second best algorithm according to 
the performances shown.  

Feature selection has been used for classification tasks as presented in 2016 
[54]. However, feature selection was performed using the LEX algorithm [55] for 
the dataset presented in this paper, although it shown that for this dataset, the 
performance was lower in all proven cases.  

Some of the tests for the reducts [56] are shown in Table 9, the first column 
shows the index attribute used in the Reduct, and the following columns represent 
the performances of each bio-inspired algorithm. 

As we can deduct from Table 9, using a reduct for the dataset does not result in 
a better performance. All the results showed that the use of reducts decrease the 
performance in both bio-inspired algorithms. 
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Table 4.   Parameter descriptions for AIRS algorithm. 

 
Parameter Description Default value 

Affinity 
threshold 
scalar 

Used to determine whether or not a candidate 
memory cell can replace the previous best matching 

memory cell
0.2 

Initial ARB 
cell pool 

size 

Number  of  randomly  selected  training  data  
instances used to seed the ARB cell pool 

1 

Clonal rate Determine the number of mutated clones 10 

Hypermutat
ion rate 

Determine  the  number  of  clones  a  memory  
cell  can 

create using the clonal rate
2 

k-Nearest 
Neighbor 

The  number  of  best  matching  memory  
cells  used during the classification stage to 

majority vote the classification of unknown data 
patterns 

3 

Initial  
memory cell 

pool size 

Specifies the number of randomly selected 
training data 

instances used to seed the memory cell pool
1 

Mutation 
rate cloned 
ARBs 

Determine the degree of mutation of cloned 
ARB 

0.1 

Total 
training 
instances to 
calculate 
affinity 
threshold 

Specifies the number of training data instances 
used to calculate the affinity threshold (mean 

affinity between data instances ) 
-1 

Stimulatio
n threshold 

Determine when to stop refining the pool of 
ARBs for an antigen 

0.9 

Total 
allocable 
resources 

Specifies the maximum number of resources (B-
cells) that can be allocated to ARBs in the ARB 

pool
150 

 

David González-Patiño, Yenny Villuendas-Rey and Amadeo J. Argüelles-Cruz

Research in Computing Science 119 (2016) 26



Table 5.   Parameter descriptions for CLONALG algorithm. 
 
Parameter Description Default value 

Antibody 
pool size 

Antibodies maintained in the memory pool 
and remainder pool 

30 

Clonal 
factor 

Used to scale the number of clones created by 
the selected best antibodies 

0.1 

Total 
generations 

Total  number  of  times  that  all  antigens  
are exposed to the system 

10 

Remainder 
pool 
percentage 

Percentage of the total antibody pool size 
allocated for the remainder pool 

0.1 

Selection 
pool size 

Total  number  of  best  antibodies  selected  for 
cloning and mutation each iteration

20 

Total 
replacements 

The   total   number   of   antibodies   in   the 
remainder pool that are replaced each iteration

0 

 
Table 6.   Modified parameters descriptions for immune-based algorithms. 
 

AIRS CLONALG
k-Nearest Neighbor = 1 Antibody pool size = 28 

Stimulation threshold = 0.99 Antibody pool size = 28 
 Total generations = 15 
 Total replacements = 3 

 
Table 7. Performances of the different AIRS algorithms in WEKA using modified 

configurations in the parameters. 
 

Algorithm Performance
AIRS 77.9006 % 

CLONALG 59.3923 % 
 

Table 8. Performances of all the classification algorithms tested in WEKA ordered by 
descendant performance. 

 

Algorithm Performance
SVM (SMO) 80.1105 % 

AIRS 77.9006 % 
JRip 75.1381% 

J48 (C4.5) 75.1381 % 
3NN 74.8619 % 
1NN 73.4807 % 

Naïve Bayes 72.3757 % 
Immunos 59.3923% 

CLONALG 59.3923 % 
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Table 9. Performances of the different reducts found by LEX algorithm using modified 
configurations in the parameters for the bio-inspired algorithms in WEKA. 

 

Reduct
Performanc
e AIRS

Performance 
CLONALG  

{20;2;3;4;8;9;13;15;18;19;0;21;22;23;28;32} 69.6133% 48.3425% 
{20;2;3;4;8;9;10;11;12;13;15;18;19;0;21;22;23} 69.6133% 54.6961% 
{20;2;3;4;8;9;10;11;13;15;18;19;0;21;22;23;24;2

7} 
71.8232% 53.8674% 

{20;2;3;4;8;9;10;11;13;15;18;19;0;21;22;23;25} 70.7182% 53.0387% 

5   Conclusions 

According to the tests performed in this paper, the bio-inspired algorithms for pre-
diagnosis of breast cancer are as competitive as classic algorithms. The use of this 
kind of algorithms is very useful in the dataset presented as the performances of the 
bio-inspired algorithms were nearly at the top, just after Support Vector Machines. 
Adjusting the parameters of the bio-inspired algorithms can result in having a better 
performance according to the tests made in this paper. The use of Rough Set based 
feature selection did not show any improvement in classifier performance. 
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