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Abstract 
 

Artificial Immune Systems (AIS) are emerging infor-
mation processing methods, which embody the principles 
of biological immune systems for tackling complex real-
world problems. The Artificial Immune Recognition Sys-
tem (AIRS) is a new kind of supervised learning AIS. The 
development of microarray technology has supplied a 
large volume of data for the prediction and diagnosis of 
cancer. Many popular machine learning techniques have 
been used in the microarray data analysis. In this paper, 
we apply AIRS to perform the microarray data classifica-
tion based on an improved version of the information 
gain feature selection method. Three traditional classifi-
ers have also been employed in our experiments for per-
formance comparison. The results demonstrate the prom-
ising ability of AIRS in the microarray data analysis. 
 
1. Introduction 
 

The biological immune system is a robust, complex, 
adaptive, and elaborate system, which can defend the 
body from foreign pathogens. Artificial Immune Systems 
(AIS) are novel machine-learning algorithms that embody 
some of the natural immune principles and take advantage 
of the benefits of the biological immune system in tack-
ling challenging real-world problems [1]. The AIRS (Ar-
tificial Immune Recognition System) is an emerging im-
mune-inspired learning algorithm [2]. It has shown sig-
nificant successes in various classification areas. 

Recently, the rapid development of DNA microarrays 
technology has offered a global view of cells by the 
measurement of the expression levels of thousands of 
genes [3]. With the DNA expression microarray technol-
ogy, we can classify different cancers according to the 
corresponding expression levels in the normal and tumor 
cells, discover the relationship among the genes, and 
identify the critical genes in the causes of diseases [4]. 
The typical applications of the DNA microarray technol-
ogy include cancer classification [5, 6, 7], clinical diag-
nose [8, 9], gene function identification [10], and drug 
discovery [11]. However, classification of tissues on the 
basis of the DNA microarray data is a demanding prob-
lem, because the microarray data always has high dimen-

sions. To deal with the high-dimension microarray data, 
numerous feature selection algorithms have been pro-
posed.  

In this paper, we employ the AIRS as an efficient clas-
sifier to analyze the microarray data. Three well-known 
data classification techniques are used to compare with 
the AIRS. The information gain as a feature selection 
approach is also investigated to improve the performances 
of the AIRS and other data classifiers.  

The remainder of this paper is organized as follows. In 
section 2, we demonstrate the information gain feature 
selection method, and propose a modified version. We 
briefly present our AIRS-based microarray data analysis 
method in section 3. The three data classifiers for com-
parison are explained in section 4. Section 5 discusses the 
results of the experiments in details. Finally, some re-
marks and conclusions are drawn in section 6. 
 
2. Gene Selection 
 

It is well known that the expression levels of thou-
sands of genes (or attributes of entries) have been meas-
ured. However, not all of them are always useful for clas-
sification. That is to say, many of the genes are irrelevant, 
while only a few marker components of the genes subsets 
can identify the type of a tissue. Too many genes used are 
indeed impeditive for the performance of classifiers. 
Therefore, extracting relevant genes and reducing the 
dimensions of microarray data are usually necessary. In 
this paper, we apply the information gain to evaluate the 
genes of the microarray datasets.  

Information gain is the expected entropy reduction 
caused by partitioning the data according to an attribute 
[12]. Let S be a set of microarray samples, and the en-
tropy of the entire set S is: 
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where |Ci| is the number of training samples in cancer 
class Ci (for i=1,2,…,n, n is total number of cancer 
classes) , and |S| is the cardinality of the entire set S. The 
lower the entropy, the purer the set is. 

The information gain InfoGain(S,t) of a gene (or data 
feature) t is defined as: 
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where Sv is the subset of S, for which gene has value v, 
and V(t) is the set of all the possible values of gene t. 
However, the information gain as a metric to evaluate the 
importance of every gene can only give the entropy of a 
gene. The number of the genes selected to perform the 
latter classification task is difficult to choose. In this pa-
per, we propose a metric—η, a so called ‘representative 
ability’, to evaluate the quality of a subset of genes. More 
precisely, let T be the set of genes of S and M a subset of 
T, and M’s representative ability is defined as: 
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where t is an element of T. When η is 0.99, we can intui-
tively conclude that M preserves 99% information for 
classification of T. Since the information gain of 
genes/features always varies quiet differently among dif-
ferent datasets, it is hard to build up a quantitative relation 
between η and the number of the selected genes. In this 
paper, we also investigate the effects of η on the perform-
ances of the data classifiers. 

 
3. Artificial Immune Recognition System  
 

The AIRS algorithm is one of the widely applied arti-
ficial immune systems for classification problems. It has 
also been used in data mining [13,14,15]. In this section, 
we present a modified AIRS1 proposed in [15], AIRS2. 
The effectiveness of the AIRS2 is further demonstrated in 
section 5.  
 
3.1. Initialization 
 

The initialization of the AIRS can be considered as a 
data pre-processing phase with parameter discovery [15]. 
During initialization, all the samples in a microarray data-
set are normalized so that the Euclidean distance used in 
the AIRS between the feature vectors of any two items is 
within [0, 1]. Besides the Euclidean distance, other dis-
tance measures can be employed to evaluate affinity as 
well. 

The affinity threshold, the average affinity value over 
all the training data, is calculated after normalization. The 
affinity threshold is obtained by using: 
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where n is the number of the training samples (or anti-
gens), agi and agj are the ith and jth training antigen train-

ing vector, and affinity(x, y) represents the affinity 
(Euclidean distance in this paper) between two antigens. 

The seeding of the memory cells and initiation of the 
ARB population are at the last step of initialization. 
 
3.2. Memory Cell Identification and Antigen 
Training 
 

The goal of this stage in the AIRS is to train the anti-
gens. The first step is to identify the memory cells and 
generate the ARB. The memory cells for a given antigen 
are discovered by calculating a matching metric—mcmatch: 
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where stimulation(x, y) is defined in (6): 
 ( , ) 1 ( , )stimulation x y affinity x y= − . (6) 

If MCag.c≡∅ , mcmatch←ag, and MCag.c←MCag.c∪ag. This 
memory cell is used to generate new ARBs to be included 
into the population of the previous ARBs.  
 
3.3. Competition for Limited Resources 
 

At this stage, the amount of the total resources is de-
fined by the user. In the procedure of resource allocation, 
the resources are allocated to an ARB in accordance with 
its clone rate and normalized stimulation value. If this 
allocation of resources results in more resources being 
allocated than allowed, the resources are removed from 
the weakest (least stimulated) ARBs until the total num-
ber of resources is below the desired level. Finally, those 
ARBs with zero resources are removed. When the mean 
of the normalized stimulation level is above a preset 
threshold, this ARB refinement process is terminated, and 
the ARB with the greatest normalized stimulation value is 
selected to be the memory cell candidate. 
 
3.4. Memory Cell Construction 
 

This final training stage selects the newly-developed 
candidate memory cells, mccandidate, into the set of the ex-
isting memory cells MC. A candidate memory cell is 
added to the set of memory cells, only if it is more stimu-
lated than mcmatch. The replacement of mccandidate with 
mcmatch in the set of memory cells is determined by 
whether the affinity between mccandidate and mcmatch is less 
than the product of the affinity threshold and affinity 
threshold scalar. 
 
3.5. Data Classification 
 

After the training process is completed, the evolved 
memory cells become the core of the AIRS-based data 
classifier. The process of data classification is based on a 
k-nearest neighbor approach and majority vote. Note that 



the data vectors in the cells need be denormalized in clas-
sification.  
 
3.6. A Modified AIRS—AIRS2 
 

The above data classifier—AIRS1 can be modified by 
introducing the Memory cell evolution and Somatic hy-
permutation [15] so that the AIRS2 is proposed. Com-
pared with the AIRS1, it has been shown [15] to be a sim-
pler but more efficient artificial immune algorithm. In this 
paper, we employ AIRS2 for the microarray data analysis. 
 
4. Classifiers in Performance Comparison 
 

Three traditional classifiers are used to compare with 
AIRS2 concerning their classification abilities. They are: 
kNN, OneR, and Naïve Bayes. A brief introduction of 
these techniques is given below. 

kNN: kNN is a memory-based classification method, 
which is a non-parametric inductive learning algorithm 
storing the training instances in a memory structure. It can 
predict the class label of a data point by a majority vote of 
the k nearest neighbors of this data point with ties broken 
at random. k is set to be 1 in our experiments. 

OneR: OneR is a simple but efficient data classifier, 
which classifies the instances via generating a one-level 
decision tree [17]. Although the rules produced by the 
OneR are slightly less accurate than that of the state-of-
the-art classifiers, these rules are relatively easy for ex-
perts to interpret [18]. 

Naïve Bayes: Naïve Bayes is one of the most popular 
data classifiers, which searches for a class label that maxi-
mizes the posterior probability based on the Bayes rule.  
 
5. Experiments and Analysis 
 

In this section, we firstly describe the four microarray 
datasets used in our experiments, and next present and 
analyze the result. 
 
5.1. Microarray Datasets  
 

We explore the capabilities of the AIRS on four mi-
croarray datasets: Colon cancer, Brain tumor, DLBCL 
and Nine tumor. The details of these datasets are given as 
follows. 

Colon cancer dataset: Colon adenocarcinoma tissues 
are collected from patients, and from some of these pa-
tients, paired normal colon tissues also are obtained [19]. 
The data set contains the expression of the 2,000 genes 
with the highest minimal intensity across the 62 tissues. 
Every gene intensity has been derived from the about 20 
feature pairs that correspond to the gene on the chip by 

using a filtering process. This dataset consists of 22 nor-
mal as well as 40 tumor samples. 

Brain tumor dataset: This microarray dataset is actu-
ally the version of the one in [20] from a study of brain 
tumor. It consists of 5 types of brain tumor: Medulloblas-
toma, Malignant glioma, AT/RT, Normal cerebellum, and 
PNET. The dataset contains 5,921 genes and 90 samples. 
There are totally 60 cases of Medulloblastoma, 10 cases 
of Malignant glioma, 10 cases of AT/RT, four cases of 
Normal cerebellum, and six cases of PNET. 

Nine tumors dataset: This microarray dataset consists 
of nine various human tumor types, NSCLC, Colon, 
Breast, Ovary, Leukemia, Renal, Melanoma, Prostate, and 
CNS. There are 5,726 genes and 60 samples. It contains 9 
cases of NSCLC, 7 cases of Colon, 8 cases of Breast, 6 
cases of Ovary, 6 cases of Leukemia, 8 cases of Renal, 8 
cases of Melanoma, 2 cases of Prostate, and 6 cases of 
CNS. More details can be found in [21]. 

DLBCL dataset: The details of the Diffuse Large B-
Cell Lymphoma (DLBCL) microarray dataset are ex-
plained in [22]. The version of this dataset used here con-
tains 5,470 genes and 77 samples. Among the 77 samples, 
there are 58 samples of diffuse large B-cell lymphomas 
(DLBCL) and 19 samples of follicular lymphoma (FL).  
 
5.2. Results and Analysis 
 

The 10-fold cross-validation on the above four mi-
croarray datasets is developed in this paper to evaluate the 
performances of aforementioned classifiers and improved 
information gain feature selection method. The classifica-
tion accuracy is used as the performance index. We first 
demonstrate the histograms of the four data classifiers in 
Fig. 1. The results show that the performance of the AIRS 
is better than those of the other three data classifiers. The 
η = 0.99 implies that 99% classification information has 
been preserved. In fact, when η =0.99, the dimensions of 
the microarray datasets have been reduced significantly: 
the dimensions of the four datasets are Colon: 134, Brain 
tumor: 1587, Nine tumors: 163, and DLBCL: 869. The 
dimension reduction percentages are Colon: 93.30%, 
Brain Tumor: 73.20%, Nine Tumor: 97.15%, and DLBCL: 
84.11%.  

We also study the effect of η on the data classification 
performance. Only two datasets, Colon and DLBCL data-
sets, are selected in this case. Figure 2 shows the change 
of the classification accuracy of the four data classifiers 
when η varies. 

 From Fig. 2, we can find out that when η is 1.0, i.e., 
all the genes are used in the process of classification, the 
performances of all the four classifiers become worse. 
Thus, it is concluded that ‘many of genes are irrelevant 
for a particular classification problems, while only a few 
marker components of genes subsets can identify the type 
of a tissue’. However, in this case, the AIRS still behaves  
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(a) Results on Colon cancer dataset.                                                                  (b) Results on Nine tumor dataset. 
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(c) Results on DLBCL dataset.                                                                            (d) Results on Brain Tumor dataset. 
Fig. 1. Accuracy of AIRS and other three classifiers on the four popular microarray datasets. The Information Gain 

gene selection method is used with η = 0.99. 

70%
71%
72%
73%
74%
75%
76%
77%
78%
79%
80%
81%
82%
83%
84%
85%
86%
87%
88%
89%
90%

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
η

A
cc

ur
ac

y

AIRS kNN

OneR NaiveBayes

                 
75%
76%
77%
78%
79%
80%
81%
82%
83%
84%
85%
86%
87%
88%
89%
90%
91%
92%
93%
94%
95%
96%
97%
98%
99%

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
η

A
cc

ur
ac

y

AIRS kNN

OneR NaiveBayes

 
(a) Changes of accuracy on Colon dataset                                                  (b) Changes of accuracy on DLBCL dataset 

Fig. 2. Changes of accuracy of the four classifiers on Colon dataset and DLBCL dataset, when η is set to be 10 
different values. 

better than the other three classifiers. In other words, the 
AIRS is a data classifier with superior performances. For 
the Colon dataset, the performances of the four classifiers 
achieve the highest accuracy, when η is 0.1, that is, for 
Colon dataset, a subset of genes with 10% of total classi-
fication information are enough to accomplish the task of 
classification. Concerning the DLBCL dataset, the highest 
accuracy is achieved, when η is 0.5, 0.6, and 0.7. The 
number of the selected genes and dimension reduction 
percentage are summarized in Table 1. In summary, the 
information gain gene selection method can achieve high 
data classification accuracy with the irrelevant genes re-
moved. As for a particular classification task, our empiri-
cal study shows that η=0.9 is enough for most demands. 
Moreover, Table 1 shows that there may be not a quanti-

tative relation between η and the number of the selected 
genes. 

Table 1. Summary of results of dimension reduc-
tion by Information Gain with various values of Repre-

sentative Ability—η, RP is Reduction Percentage. 
Colon dataset DLBCL dataset η Dimensions RP Dimensions RP 

0.1 8 99.60% 47 99.14%
0.2 18 99.10% 107 98.04%
0.3 29 98.55% 177 96.76%
0.4 41 97.95% 255 95.34%
0.5 54 97.30% 340 93.78%
0.6 69 96.55% 432 92.10%
0.7 84 95.80% 533 90.25%
0.8 101 94.95% 641 88.28%
0.9 118 94.10% 757 86.16%
1.0 2000 0.00% 5469 0.00%



 
6. Remarks and Conclusions  
 

In this paper, we employ the AIRS for data classifica-
tion in the microarray data analysis. The AIRS is com-
pared with three well-known data classifiers: kNN, OneR, 
and Naïve Bayes. Moreover, the Information Gain with 
parameter—“Representative Ability” is used to reduce the 
number of genes for improving the performances of these 
classifiers. The data classification results on four popular 
microarray datasets show that the AIRS is a promising 
classifier for microarray data classification, and the In-
formation Gain gene selection method can enhance the 
performances of all the four classifiers with reduced di-
mensions of the microarray data. 
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