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1. INTRODUCTION

The study of Artificial Immune Systems on 

Computer Science (CS) is aimed at mimick-

ing some processes of the vertebrate immune 

systems on a computational context, trying to 

solve problems from the most diverse areas, 

not only from CS but also engineering, medical 

sciences, and many more (de Castro & Tim-

mis, 2002a).

The first work to apply the known con-

cepts of AIS on CS was the machine learning 

algorithm of Farmer et al. (1986), in which a 

dynamic model for the immune system based 

on Jerne’s network hypothesis (Jerne, 1974) 

was proposed and, as a result, the model pre-

sented high similarity with Holland’s Classifier 

Systems (Holland, 1984).

Four years later, Bersini and Varela (1990) 

published a paper about immune networks, 

trying to exploit even further the relation of 

immune systems on machine learning and 

classifier systems.
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But only in the mid 90s the AIS paradigm 

gained the status of an active research area, 

particularly with the publishing of the applica-

tion of Self-Nonself Discrimination principles 

to the computer protection problem (Forrest et 

al., 1994), and also of the Negative Selection 

algorithm (Dasgupta, 1998).

In late 90s, the work of de Castro and Von 

Zuben (1999) introduced the concepts and 

applications of the Clonal Selection principle 

(Burnet, 1978) to artificial immune systems, 

not only dealing with machine learning prob-

lems but also adapting the immune-inspired 

mechanisms to perform discrete and continuous 

optimization. In the trace of this achievement, 

the popular CLONALG algorithm (de Castro 

& Von Zuben, 2002a) – Clonal Selection Algo-

rithm – was proposed, and followed by several 

applications and extensions.

The addition of network-based aspects 

inspired from Jerne’s Immune Network Theory 

(Jerne, 1974) to the CLONALG algorithm led 

to the Artificial Immune Network algorithm, 

or simply aiNet (de Castro & Von Zuben, 

2002b), that not only extended the capabilities 

of CLONALG but also introduced very inter-

esting aspects such as the network interaction 

among solutions and the dynamic adaptation 

of the size of the set of candidate solutions. 

The aiNet algorithm was originally developed 

for clustering problems, and it is capable of 

automatically identifying a proper number of 

arbitrarily shaped clusters.

Following the successful results obtained 

by the original aiNet algorithm, many extensions 

appeared in the literature, not only for clustering 

problems but also for continuous optimization 

(de Castro & Timmis, 2002b), combinatorial 

problems (de Sousa et al., 2004; Gomes et al., 

2004), bioinformatics (Bezerra & de Castro, 

2003; de Sousa et al., 2004; Gomes et al., 2004), 

prediction systems (Li et al., 2010), biclustering 

(Castro et al., 2007a,b,c; Coelho et al., 2008; de 

França et al., 2006b), multi-objective optimiza-

tion (Coelho & Von Zuben, 2006a; Coelho et 

al., 2008), dynamic optimization problems (de 

França et al., 2005a; de França et al., 2006a; 

Junqueira et al., 2005; Junqueira et al., 2006), 

and many others.

With almost ten years of existence and sup-

porting a very active line of immune-inspired 

algorithms, it has become hard to keep track of 

all existent variations of the aiNet algorithm and 

their potential applications. Therefore, the goal 

of this paper is to critically review the original 

aiNet algorithm, describing the conceptual 

aspects associated with it, and to present and 

discuss its main extensions together with the 

results obtained so far.

The paper is organized as follows: Section 

2 presents the theoretical aspects of natural and 

artificial immune systems that were applied on 

the aiNet context; Section 3 is dedicated to draw 

a parallel between the clustering problem and 

the immune concepts presented in Section 2, 

and to explain and discuss the original aiNet 

algorithm; in Section 4 an overview of the aiNet 

family of algorithms is presented, together with 

a discussion of general aspects of the different 

algorithms and the problems that they are meant 

to solve; Section 5 is dedicated to optimization 

algorithms, where the variations of aiNet devel-

oped for optimization of continuous, discrete, 

multimodal, multi-objective and dynamic–

environment problems will be detailed; Sec-

tion 6 discusses and details the extensions of 

aiNet for biclustering; and, finally, Section 7 

concludes this survey summarizing the most 

relevant issues, presenting the final remarks 

and discussing some prospects concerning the 

future of the aiNet family of algorithms.

2. NATURAL AND ARTIFICIAL 
IMMUNE SYSTEMS

As the name of the algorithms in the aiNet 

family suggests, they are inspired by the 

natural immune system of vertebrates, more 

specifically, by the mechanisms associated with 

B-cells in the adaptive immune response (de 

Castro & Von Zuben, 2002b). These immune-

inspired algorithms are based on a paradigm 

known as Artificial Immune Systems (AIS), 

originated from attempts to model and apply 
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immunological principles to problem solving 

in a wide range of areas such as optimization, 

data mining, computer security and robotics 

(de Castro & Timmis, 2002a).

The natural immune system, which is the 

main inspiration for AIS, can be considered 

as one of the most important components of 

vertebrates, as its mechanisms of recognition 

and combat against infectious foreign agents 

(pathogens) are responsible for keeping the 

organism healthy. These recognition and 

combat mechanisms are mainly based on the 

molecular patterns present on such external 

invaders, which are known as antigens. Once 

the immune cells identify the presence of 

antigens from a given pathogen, the immune 

response is triggered, in order to try to eliminate 

such potentially dangerous elements from the 

body. The defense mechanism provided by the 

immune system can be divided into two front 

lines: the innate and the adaptive immune 

systems (Pinchuk, 2002). The components 

of the innate immune system are capable of 

combating a wide variety of invading agents, 

without the need of being previously exposed 

to them, differently from the components of the 

adaptive immune system, which are triggered 

in response to specific infections.

There are several theories that try to explain 

the adaptive immune response, being the aiNet-

based algorithms mainly inspired by the Clonal 

Selection principle (Burnet, 1978) and by the 

Immune Network theory (Jerne, 1974). These 

concepts will be briefly explained in what fol-

lows, with a remarkable degree of simplification 

when compared to the real interactions taking 

place in the natural immune system.

According to the Clonal Selection prin-

ciple, when a pathogen invades the organism 

and its antigens are identified by the immune 

system, some specific immune cells (namely 

the B-cells) begin to proliferate by means of 

cloning, in order to face the infection. During 

this proliferation, those cells also differentiate 

into two distinct types of cells: the majority of 

them becomes plasma cells, capable of secreting 

antibodies at high rates; and the remaining ones 

into long-living memory cells, which allows a 

faster immune-response in future infections 

of similar pathogens. The antibodies secreted 

by the plasma cells are molecules capable of 

binding to the antigens of an infectious agent 

(thus they present complementary molecular 

patterns), in order to indicate that those struc-

tures marked by such antibodies should be 

eliminated from the organism.

During the proliferation and differentiation 

of B-cells, a controlled mutation also occurs, 

together with a selective pressure over the 

antibodies, in order to increase the overall af-

finity of such molecules to the antigens of the 

invading pathogen. In other words, after the 

cloning phase, the new generated cells suffer 

a mutation process and those cells capable of 

producing antibodies that bind better with the 

antigens than the others (those that present 

higher affinity) are selected to remain in the 

population of immune cells. Those cells that 

lead to the production of antibodies that do 

not present a high affinity with the antigens or 

that respond to cells of the organism itself are 

removed from the repertoire.

From the steps described above, it can be 

seen that the Clonal Selection principle states 

that the immune system is composed of several 

components that remain “at rest” in the body, 

until they are triggered by a foreign antigenic 

stimulus (de Castro & Timmis, 2002a). A 

different view of the immune response was 

proposed by Jerne (1974) with the Immune 

Network theory (or Idiotypic Network theory). 

According to Jerne, the cells of the immune 

system are not only capable of recognizing 

antigens, but also each other, defining the im-

mune system as a huge self-organizing network 

of components that continuously recognize 

and/or are recognized by other components. 

When an immune cell recognizes another cell, 

its response can be positive, in the sense that 

the cell is activated and starts the process of 

cloning, mutation and secretion of antibodies, 

or negative, which leads to tolerance and even 

suppression. In the immune network theory, 

the main characteristics of the immune system, 

such as learning, memory, self-tolerance, size 

and diversity of the immune repertoire, are 
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considered emergent properties, consequence 

of regulatory mechanisms aimed at maintaining 

the network within a specific range of activity 

(de Castro & Timmis, 2002a).

The immune network theory dominated 

the immunology field until the nineties, when 

it began to fade out mainly due to the lack 

of empirical evidences that could justify the 

proposed mechanisms. However, it seems that 

a renewed interest on idiotypic networks may 

be emerging nowadays, especially in clinical 

contexts (Behn, 2007).

Although the popularity of Jerne’s theory 

among immunologists varied significantly in 

the last decade, a different situation occurred 

among computer scientists and engineers, who 

adopted its main concepts as inspirations in 

the development of several different immune-

inspired techniques, as this theory seems to pro-

vide mechanisms to stimulate diversity among 

solutions in population-based algorithms.

Besides the diversity maintenance and 

stimulation mechanisms presented in algorithms 

inspired by Jerne’s immune network theory, 

artificial immune systems that also seek for 

inspiration in the clonal selection principle 

present two additional distinctive character-

istics that, in the last years, were responsible 

for an increase of interest from the scientific 

community in this paradigm: (i) the size of the 

population at each generation of these algo-

rithms is automatically defined according to 

the demands of the application; and (ii) local 

optimal solutions tend to be simultaneously 

preserved in the population, once located during 

the search. As the aiNet family is mainly based 

on these two immune concepts (clonal selection 

and immune network), all its algorithms present 

these three characteristics, as will be seen in the 

following sections.

3. THE ARTIFICIAL 
IMMUNE NETWORK 
ALGORITHM – AINET

As it was already mentioned, the aiNet algorithm 

(de Castro & Von Zuben, 2002b) was proposed 

to solve clustering problems. However, what is 

the parallel devised by de Castro & Von Zuben 

between the combat against pathogens in the 

natural immune system and the division of data 

samples into groups?

One approach to solve clustering problems 

can be basically divided into two main steps: 

(i) the positioning of a set of prototypes (each 

one with a pre-defined radius) that represent 

the samples (or patterns) in the dataset in a 

concise form; and (ii) the separation of these 

prototypes (and, consequently, the samples 

represented by each one of them) into clusters. 

This second step can be easily accomplished 

by traditional mechanisms such as the pruning 

of inconsistent branches in minimum spanning 

trees (MST - Zahn, 1971), if you consider the 

final set of prototypes as an interconnected 

graph that properly represents the original data 

structure. Therefore, the first step is crucial to 

obtain a suitable set of clusters of the problem, 

to reduce eventual redundancy that may be 

present in the dataset and to identify the main 

aspects of the structure and spatial distribution 

of the dataset.

Let’s consider solely the prototype position-

ing step and assume that such prototypes can 

be seen as the B-cells of the immune system 

of an organism, and the data samples as the 

antigens of the pathogens that invade such 

organism. According to the clonal selection 

principle, when an infection occurs, the B-cells 

of the organism proliferate (through cloning) 

and suffer a controlled mutation (referred just 

as hypermutation from now on) so that they 

become more capable of recognizing the invad-

ing pathogens (the antibodies of such B-cells 

become more capable of identifying the antigens 

of the pathogens). Back to the clustering prob-

lem, as the B-cells of an infected organism, the 

population of prototypes (which was initially 

randomly spread across the data space) must also 

proliferate and evolve to match the samples of 

the dataset, so that they can suitably represent 

subsets of these samples.

It is also desired that each prototype in the 

clustering problem represents different sets of 

samples from the dataset, associated with dif-
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ferent “regions” of the data space, so that all 

the important structural aspects are somehow 

captured. Therefore, it is not desired that several 

prototypes converge to the same region of the 

data space and map similar sets of patterns or, 

in other words, it is not desired that several 

prototypes become too similar (they should be 

diverse). Returning to the infected organism, if 

we consider now the immune-network theory, it 

proposes that the B-cells in the immune system 

are also capable of recognizing each other and 

suppressing (or stimulating) the proliferation 

of the recognized B-cells, which may be inter-

preted as analogous to the diversity maintenance 

requirement in the clustering problem.

As we can see, it is possible to identify 

interesting similarities among the prototype 

positioning step in clustering problems and 

what can be produced by algorithms inspired 

by the clonal selection and immune network 

theories, which led de Castro & Von Zuben to 

explore such similarities and propose the Arti-

ficial Immune Network algorithm (de Castro & 

Von Zuben, 2002b), or just aiNet, which will 

be described next.

The Structure of the 
aiNet Algorithm

As mentioned before, in the aiNet algorithm 

the patterns in the dataset to be clustered are 

considered as the antigens of pathogens (in an 

analogy to the natural immune system) and the 

prototypes (solutions for the problem) as the 

B-cells (or simply their antibodies). As both the 

prototypes and data patterns are represented as 

multi-dimensional points in the real space, the 

interaction among these components are con-

sidered to occur in the Euclidean shape-space 

(Perelson & Oster, 1979) and their affinity is 

evaluated according to their Euclidean dis-

tance, although other metrics could have been 

considered as well.

The main structure of the aiNet algorithm 

is described in Pseudo-code 1 (Figure 1). The 

initial population of cells is randomly generated 

with uniform distribution in the data space, 

so that the prototypes are as evenly spread 

as possible at the beginning. After the initial 

positioning of the prototypes, the algorithm 

enters its main loop, which is repeated until a 

stop condition is satisfied. This stop condition 

can be a predefined number of iterations, the 

generation of a predefined number of antibodies, 

the achievement of a predefined average error 

between each antigen and its corresponding 

representative in the population of cells, and 

so on.

When an antigen is presented to aiNet, it 

will be matched against all antibodies in the 

network (population of the algorithm), and those 

with a maximal degree of similarity with this 

antigen will be selected to proliferate (cloning). 

During proliferation, the higher the affinity 

of the parent cell with the antigen, the more 

offspring is generated and this offspring then 

suffer somatic hypermutation proportional to 

the inverse of its affinity with the antigen.

Mutated clones with a high degree of af-

finity with other clones (suppression) and those 

with lower affinity with the antigens (apopto-

sis) are excluded from the population, and the 

remaining mutated clones are inserted into the 

main population of the algorithm.

After all antigens are presented to the 

cells, the similarity among all the antibodies is 

evaluated and those with a degree of similarity 

above a threshold are suppressed. Finally, new 

randomly generated ones are also introduced 

in the population, at every iteration (random 

insertion).

Once the stop criteria are met, another sup-

pression step is performed aiming at eliminating 

cells that recognize no antigen. This step has 

not been explicitly considered in the original 

version of aiNet, but cells that do not represent 

any sample cannot be considered as prototypes 

in cluster analysis.

The parameters of aiNet that should be de-

fined by the user are: N, which is the initial size 

of the population of antibodies; n, the number 

of cells of the network that should be cloned; 

m, which corresponds to the percentage of best 

cells that should be kept in the clone popula-

tion; σ
1
, which is the suppression threshold for 

the affinity among antibodies; σ
2
, which is the 
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suppression threshold for the affinity among 

antibodies and antigens; and d, that corresponds 

to the percentage of new randomly generated 

cells that should be included in the population 

at each generation, to increase diversity. The 

number of clones N
c
 that should be generated 

for each cell is automatically defined accord-

ing to the number N of cells in the population 

and the distance from the original cell to the 

antigens.

After the execution of aiNet to self-organize 

the prototypes in the data space, a knowledge 

extraction phase is performed to finally define 

the clusters of the problem. The aiNet adopts in 

this phase the pruning of inconsistent branches 

in minimum spanning trees (Zahn, 1971) to 

detect inherent separations between clusters, 

which allows the algorithm to automatically 

identify the number of clusters of the problem 

and separate the data patterns associated with 

each cluster, even if they present arbitrary shapes 

(de Castro & Von Zuben, 2002b).

Illustrative Examples and 
Applications of the aiNet Algorithm

In order to illustrate the performance of aiNet, 

de Castro and Von Zuben (2002b) applied the 

algorithm to two non-linearly separable cluster-

ing problems, namely SPIR (Figure 2(a)) and 

CHAINLINK (Figure 2(b)). The main purpose 

was to emphasize that the shape of the clusters 

may be arbitrary. Although Figure 2 presents 

labeled data, the labels were not considered to 

produce the results. The SPIR benchmark is 

composed of 190 samples in two dimensions, 

whereas the CHAINLINK consists of 1000 

samples in three dimensions.

The final structure of the network for 

each benchmark is presented in Figure 3(a)(b). 

Figure 1. Pseudo code 1
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Besides the proper clustering, another relevant 

characteristic of aiNet is its capability to reduce 

data redundancy. The network obtained for 

SPIR is composed of 124 antibodies. Note the 

compression was superior in regions where the 

amount of redundancy is higher, i.e., the centers 

of the spirals (see Figure 3(a)). The number of 

antibodies in the network for CHAINLINK is 

32 (see Figure 3(b)), leading to a compression 

rate of 96.8%.

Although these problems are evidently of 

low dimension and with easily distinguishable 

clusters, thus not fully reflecting real-world 

clustering problems, it is possible to find sev-

eral applications of aiNet-based algorithms to 

real world problems, such as gene expression 

(Bezerra & de Castro, 2003; Bezerra et al., 

2004), document clustering (Ciesielski et al., 

2006; Xu et al., 2006), compositional timbre 

design (Caetano et al., 2005), prediction of 

landslides (Li et al., 2010), and learning of 

RBF neural networks (de Castro & Von Zuben, 

2001).

Comments About the 
aiNet Algorithm

A detailed analysis of the data compression 

property of aiNet was done by Stibor and Tim-

mis (2007), who presented a metric based on 

Parzen Window (Fukunaga & Hayes, 1989) 

Figure 2. Two benchmark problems used to evaluate aiNet: (a) SPIR and (b) CHAINLINK

Figure 3. Final network structure obtained by aiNet algorithm: (a) SPIR with 124 antibodies 

and (b) CHAINLINK with 32 antibodies
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estimation and the Kullback-Leibler divergence 

(Kullback, 1959) to evaluate the quality of 

aiNet’s compression capabilities over four dif-

ferent datasets. Essentially, this quality metric 

first estimates the probability densities of the 

original patterns in the dataset and of aiNet’s 

final prototypes (antibodies), and then compares 

the similarity between them.

Stibor and Timmis’ (2007) first concern 

was about the sensitivity of one of aiNet’s 

parameters: the σ
1
 threshold that controls the 

maximum allowed similarity between two 

different antibodies. When this parameter was 

set to a high value, the final number of antibod-

ies generated by aiNet exceeded the number 

of samples from the original dataset. Notice 

that Stibor and Timmis (2007) considered as 

prototypes cells that represent no antigen. If 

you have more prototypes than samples, some 

prototypes will stay in their arbitrary initial 

position, thus guiding to meaningless results 

in terms of cluster analysis. It is easy to detect 

this kind of degeneracy and thus avoid operating 

with extreme values for threshold σ
1
. Another 

extreme scenario happened when σ
1
 was set 

to a low value: the overall similarity between 

the aiNet’s output and the original dataset was 

unacceptably low, which should be expected as 

a much higher compression was achieved. So, 

Stibor and Timmis (2007) provided empirical 

evidences to properly detect inadequate settings 

for the threshold parameter σ
1
. Therefore, if you 

are outside both extreme scenarios (which is 

easily detectable), you are in good condition 

to choose a proper value to σ
1.

An immediate conclusion that the reader 

may draw from the study of Stibor and Timmis 

(2007) is that aiNet requires a proper parameter 

setting. In this case, it shows the challenge of 

finding an appropriate suppression threshold, 

which directly controls the compression rate 

achieved by aiNet. However, this is actually a 

common problem for every clustering mecha-

nism with the ability to self-control the number 

of prototypes. Of course, metrics that estimate 

the relative quality of the results produced by 

aiNet could also be adopted to implement self-

tuning procedures to set the parameters, at the 

cost of incrementing the computational burden 

of the algorithm.

Stibor and Timmis (2007) also stated that, 

from their results, the aiNet algorithm may 

be unsuitable for non-uniformly distributed 

data sets because of this pre-defined and fixed 

threshold, as different regions of the data set may 

require different values for this parameter.

A more elaborate type of immune-inspired 

network was further proposed to deal with the 

situation of variable data density from cluster 

to cluster (Bezerra et al., 2005). This new 

algorithm, called Adaptive Radius Immune Al-

gorithm (ARIA), utilizes mechanisms of clonal 

selection and immune network suppression 

together with the density information contained 

in the data. ARIA makes use of an adaptive sup-

pression radius that is inversely proportional to 

the local density for each antibody’s neighbor-

hood. In this way, for high density portions of 

data, antibodies are allowed to get closer to each 

other because of their small radii. For sparse 

regions, the radii tend to be larger, so antibody 

distribution tends to be sparser too.

In this context, similar to what happens 

to aiNet, a new branch of algorithms can be 

developed following the ARIA framework.

The computational cost associated with 

each iteration of the aiNet algorithm presented 

in Pseudo-code 1 is directly proportional to the 

size of the current population, as the most ex-

pensive step is the calculation of the Euclidean 

distance among all antibodies in the suppression 

phase. Therefore, for each iteration, the com-

plexity is approximately O(N2.L), where N is 

the current population size and L the dimension 

of the antibodies. If we consider that the aiNet 

algorithm will be repeated for several iterations 

before the knowledge extraction phase and that 

this last step will be performed only once, the 

complexity of the knowledge extraction phase 

(generally O(N2.log(N)) in the worst case – 

Martel, 2002) will be approximately equal to 

the complexity of a single iteration of aiNet, 

and smaller than the overall complexity of the 

immune-inspired step.
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4. THE AINET FAMILY 
OF ALGORITHMS

Right after the proposal of the aiNet algorithm 

by de Castro and Von Zuben (2002b) for cluster-

ing, de Castro and Timmis (2002b) proposed 

its variant for optimization problems (named 

opt-aiNet) and, since then, several extensions 

and modifications of both algorithms were 

proposed in the literature, as can be seen in the 

diagram shown in Figure 4.

Although these variations follow the same 

immune-inspired framework introduced in 

aiNet (as it is possible to see in the list of main 

mechanisms of each algorithm in Figure 4), 

the way that each operator is implemented may 

vary significantly according to the goals of each 

algorithm, and some proposals even include 

several mechanisms with no direct immune 

inspiration (such as some problem-dependent 

strategies of local search), which makes these 

algorithms more hybrid approaches than pure 

artificial immune systems. However, they are 

still based on the clonal selection and immune 

network theories, and so they were included 

in this review.

Chronologically, from the variations of 

aiNet presented in Figure 4 (which will be 

detailed later in this paper) the first ones were 

developed for optimization problems, being 

opt-aiNet (de Castro & Timmis, 2002b) fol-

lowed by copt-aiNet (an extension of opt-aiNet 

for combinatorial optimization – de Souza et 

al., 2004), dopt-aiNet (an extension of opt-

aiNet for continuous optimization in dynamic 

environments – de França et al., 2005a) and 

omni-aiNet (an extension of opt-aiNet for omni 

optimization – Coelho & Von Zuben, 2006a), 

respectively.

The concept of omni optimization (Deb & 

Tiwari, 2005) is associated with the capability 

of the same algorithm to automatically adapt its 

mechanisms to solve single and multi-objective 

optimization problems, both uni and multi-

modal. Therefore, in omni-aiNet (and in all omni 

optimizers), the user does not need to modify 

the structure of the algorithm according to the 

problem being solved, implying that a single 

and generic technique is capable of solving 

different types of optimization problems.

In 2006, de França et al. (2006b) proposed 

bicopt-aiNet, which was the first variation of 

aiNet to deal with biclustering (Hartigan, 1972; 

Mirkin, 1996), being bicopt-aiNet later followed 

by BIC-aiNet (Castro et al., 2007a), MOM-

aiNet (Coelho et al., 2008) and MOM-aiNet+ 

(Coelho et al., 2009a), all developed to deal 

with biclustering. Sometimes also referred in 

the literature as co-clustering and two way clus-

tering, biclustering works by simultaneously 

clustering the objects of the dataset and their 

attributes, which is useful when the problem 

requires finding the correlation among subsets 

of objects under certain subsets of attributes (a 

kind of local clustering). Also, this technique 

is able to find relations that may be hidden or 

suppressed by some strong attributes, as usually 

happens to standard clustering algorithms.

The biclustering concept can be interpreted 

in different ways depending on the application. 

One way (adopted in bicopt-aiNet) is to reor-

der the rows and columns of the data matrix 

to create several contiguous regions inside 

this matrix where the data presents a higher 

correlation. A different approach (adopted in 

BIC-aiNet, MOM-aiNet and MOM-aiNet+) is 

to find subsets of objects from the dataset that 

correlates with subsets of attributes. This second 

approach is more powerful and flexible, as it can 

explore a larger set of potential data relations 

and these multiple relations among objects and 

attributes are revealed in parallel and without 

cross-interference. Also, this second approach 

makes it possible that one object belongs to 

more than one bicluster, given a different subset 

of attributes, thus creating two distinct clusters 

that hold different knowledge.

In the following sections, these variations 

of aiNet will be described in detail, being first 

presented the algorithms developed for optimi-

zation and later those for biclustering, according 

to their chronological order of publication.
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5. ARTIFICIAL IMMUNE 
NETWORKS FOR 
OPTIMIZATION

In this section, the representatives of the 

optimization branch of the aiNet family of al-

gorithms will be presented. More specifically, 

the opt-aiNet (Artificial Immune Network for 

Optimization – de Castro & Timmis, 2002b), 

copt-aiNet (Artificial Immune Network for 

Combinatorial Optimization – de Souza et al., 

2004), dopt-aiNet (Artificial Immune Network 

for Dynamic Optimization – de França et al., 

2005a), and omni-aiNet (Artificial Immune 

Figure 4. Diagram of the evolution of the algorithms derived from aiNet. Dashed arrows indi-

cate algorithms that share some mechanisms. Light gray boxes indicate clustering/biclustering 

algorithms and dark gray boxes optimization techniques. 
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Network for Omni Optimization – Coelho & 

Von Zuben, 2006a) algorithms will be detailed, 

together with results from the literature, ex-

amples of applications and a critical analysis of 

issues and aspects still open in each technique 

(when it applies).

Opt-aiNet

The opt-aiNet algorithm (Artificial Immune 

Network for Optimization – de Castro & Timmis, 

2002b) was proposed as the first extension of the 

original aiNet for optimization problems and, 

due to the presence of diversity maintenance 

mechanisms introduced in aiNet, this algorithm 

was developed focusing on multimodal optimi-

zation problems.

The opt-aiNet algorithm presents several 

interesting features: (i) the population size is au-

tomatically adjusted during the execution of the 

algorithm; (ii) opt-aiNet tries to locate multiple 

optima; and (iii) it is capable of preserving local 

optimal solutions found throughout the search. 

When compared to aiNet, the main difference 

is that opt-aiNet does not present an explicit 

representation of antigens. Instead, opt-aiNet 

is based on the direct evaluation of each cell 

in the population (the affinity to antigens is 

replaced by the value assumed by the function 

to be optimized, taking the content of each cell 

as the argument).

Despite the immune inspiration of the algo-

rithm, opt-aiNet is very similar to evolutionary 

algorithms, as the main steps of Clonal Selection 

(cloning, hypermutation and selection) corre-

spond to a micro-evolution that occurs in the 

immune system and, so, they are modeled in 

opt-aiNet with operators similar to those already 

present in evolutionary computing.

One difference of opt-aiNet, when com-

pared to other evolutionary approaches, is that 

the immune-inspired algorithm is also based 

on Jerne’s network theory, with the presence of 

suppression mechanisms (and random insertion) 

among immune cells to stimulate diversity, 

which allows the algorithm to eliminate redun-

dancy within the population. However, there 

are also several techniques in the evolutionary 

computation literature to introduce/maintain 

diversity in the population, such as niching 

(Sareni & Krähenbühl, 1998), being capable 

of achieving the same goal of the suppression 

mechanisms present in opt-aiNet. Nonetheless, 

the suppression mechanism in opt-aiNet does 

not affect elitism as most niching techniques 

(the best individuals may have their fitness sig-

nificantly reduced if they belong to a crowded 

region), influences the population size, and 

corresponds to an inherent module born with the 

original algorithm (and not an appended one). 

Anyway, a formal and controlled comparison 

between these techniques is still missing in 

the literature.

Structure of the Algorithm

The general structure of opt-aiNet, which works 

with cells coded as real-valued vectors that 

represent candidate solutions to the problem, is 

presented in Pseuco-code 2 (Figure 5). In this 

algorithm, the user should adjust the following 

parameters: N, which is the initial number of 

individuals in the population; N
c
, the number 

of clones that should be generated per cell; the 

suppression threshold σ
s
; and the percentage d 

of new randomly generated cells that should be 

inserted after a suppression step.

From Pseuco-code 2, it is important to 

highlight the selection mechanism, given in 

step 5. In opt-aiNet, the best cell in each sub-

population (the set formed by each progenitor 

cell and their respective mutated clones) is 

selected to remain in the population, which 

is an approach different from the one adopted 

in MOM-aiNet and MOM-aiNet+ algorithms 

(described later, in Section 6). MOM-aiNet and 

MOM-aiNet+ maintain several cells for each 

sub-population.

Applications

In the original work in which opt-aiNet was pro-

posed (de Castro & Timmis, 2002b), opt-aiNet 

was applied to several uni- and bi-dimensional 

multimodal problems, and it was compared to 

the original CLONALG algorithm (de Castro & 
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Von Zuben, 2002a), which does not present the 

diversity stimulation mechanisms of opt-aiNet. 

As expected, it was verified that opt-aiNet was 

able to find many more global and local optima 

than CLONALG. To illustrate this capability 

of opt-aiNet, it is shown in Figure 6 the final 

population of opt-aiNet obtained when applied 

to a multimodal function given by:

f x y x x y y( , ) sin( ) sin( )= ⋅ − ⋅ + +4 4 1π π π
 

 (1)

and defined in the compact region [−1,2] × 

[−1,2].

Additionally, Figure 7 shows the evolution 

of the population size throughout the iterations 

of the algorithm for this problem. It is interest-

ing to notice how the size of the population 

increases while the algorithm is finding each 

local optimum of the problem and, after stabi-

lization is achieved, the population size drops 

to the minimum necessary to represent each 

local optimum found.

Besides the original application of opt-

aiNet to function optimization, this algorithm 

was also applied to the minimization of mutual 

information in the blind source separation of 

post-nonlinear mixtures problem (Duarte et 

al., 2006), and to several works that deal with 

ensemble learning, in which the diversity main-

tenance mechanisms of opt-aiNet were studied 

and explored to generate a set of diverse and 

accurate artificial neural networks (Coelho & 

Von Zuben, 2006b; Pasti & de Castro, 2007; 

Pasti et al., 2009).

Discussion

As most aiNet-based algorithms, the main draw-

back of opt-aiNet is the difficulty associated with 

the adjustment of the suppression threshold σ
s
. 

As it is generally impossible to know a priori 

what the shape of the search space is, it is hard 

to predict how the solutions will behave during 

the search (how close they will be from each 

other) and so estimate a minimum distance of 

suppression. Therefore, this parameter must be 

Figure 5. Pseudo code 2
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empirically adjusted for each problem, which 

may be a laborious procedure.

As in the case of all the other aiNet vari-

ants, the computational complexity of opt-aiNet 

is also proportional to the population size in 

each iteration, or O(N.N
c
.L) when no suppres-

sion occurs, where N is the current population 

size, N
c
 is the number of clones per cell and 

L is the dimension of the problem. When the 

suppression step is applied, the complexity of 

the algorithm per iteration becomes O(N2.L), 

whenever N > N
c
.

Copt-aiNet

Following the aspects introduced by opt-aiNet 

for continuous optimization, de Souza et al. 

Figure 6. Graphical representation of a multimodal function and the proposed solutions obtained 

by opt-aiNet in a single run

Figure 7. Graphical representation of the evolution of opt-aiNet’s population size throughout 

the iterations, for the problem illustrated in Figure 4
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(2004) devised an extension of that algorithm to 

deal with combinatorial optimization problems, 

which was called copt-aiNet (Artificial Immune 

Network for Combinatorial Optimization).

Structure of the Algorithm

The copt-aiNet algorithm follows the same 

structure presented in Pseudo-code 2 with the 

modifications just on how the inner components 

are implemented.

First of all, the population of cells (candi-

date solutions) is modeled as a single vector of 

integer values, which corresponds to a potential 

solution to the problem.

The fitness function in copt-aiNet depends 

on the given application, and should be imple-

mented accordingly, to reflect the objective 

function of the studied problem.

The mutation of the cells is performed 

by three different permutation operators (de 

França et al., 2006b), randomly chosen at each 

iteration:

• Insertion: given two elements respec-

tively at positions p
1
 and p

2
, the element 

at p
2
 is removed from its original posi-

tion and inserted before p
1
, as illustrated 

in Figure 8a.

• Exchange: the two elements at positions 

p
1
 and p

2
 exchange their positions, as il-

lustrated in Figure 8b.

• Cross-Exchange: all the elements be-

tween the two points at positions p
1
 and 

p
2
, including the end points, are reversed 

as depicted in Figure 8c.

After mutation, whenever the solutions are 

not improved for a given number of iterations, 

it is also performed a tabu search (Glover & 

Kochenberger, 2002) with the moves based 

on a 2, 3 and 4-exchange of available edges, 

given a graph representation of the combinato-

rial problem.

Finally, the last main different internal 

procedure of copt-aiNet (when compared to 

opt-aiNet) is associated with the suppression 

mechanism, which employs a different strategy 

in order to find the similarities between cells. 

This is performed by counting the minimum 

number of swap operations that would be neces-

sary to convert a given solution to another (de 

Souza et al., 2004).

Applications

In de Souza et al. (2004), the copt-aiNet algo-

rithm was applied to perform Multiple Rear-

rangements of Gene Expression Data and some 

interesting results were found, mainly regarding 

the diversity of solutions. Table 1 describes 

the 8 best solutions found by copt-aiNet on a 

biological dataset called Diffuse Large B-cell 

Lymphoma, which comprises 380 genes and 

63 experiments. For this problem, the cost to 

be minimized is associated with the sum of the 

difference in the expression profile of neighbor 

genes. Table 1 depicts a distance matrix between 

solutions, and presents their objective-function 

values in the last column (cost). As can be seen, 

despite presenting very different solutions their 

costs are just slightly different, which means 

that the algorithm is capable of finding several 

alternative solutions without significant varia-

tion in the quality of the results. Such feature 

can be very useful in gene expression analysis, 

as each solution reveals different correlations 

in the dataset, similarly to what is pursuit with 

biclustering techniques.

Another application was devised in de 

França et al. (2006a) where copt-aiNet was 

applied to a Dynamic TSP problem where, 

from time to time (number of iterations), the 

optimum solution changes to a new location. The 

experiments not only showed that copt-aiNet 

was capable of finding better local optima than 

an improved ant colony optimization approach 

(IMP.MMAS – de França et al., 2004a,b; de 

França et al., 2005b) but also had a faster reactive 

response to changes, with a prompt detection of 

the transformation on the environment.

Discussion

The computational complexity of the copt-

aiNet algorithm in each iteration is O(N.N
c
.L), 
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where N is the current size of the population, 

N
c
 the number of clones and L the dimension 

of the problem, and may become O(N2.L2) 

when suppression is performed and N.L > N
c
 

(or O(N.t) when the local search is performed, 

with t being the number of local search steps 

and t > N
c
.L).

Dopt-aiNet

In an effort to apply the opt-aiNet algorithm to 

the problem of optimization in dynamic envi-

ronments, i.e. objective functions that change 

their optima over time, it was observed that 

this algorithm presented limitations in some of 

its mechanisms. To improve the robustness of 

opt-aiNet and to create a fast-reacting algorithm 

to deal with dynamic problems, the algorithm 

named dopt-aiNet (Artificial Immune Network 

for Dynamic Optimization – de França et al., 

2005a) was devised, which not only applies 

the aiNet paradigm to a new scenario, but 

also improves the inner methods adopted in 

opt-aiNet, like the mutation operator and sup-

pression mechanisms.

Structure of the Algorithm

The representation of candidate solutions in the 

population and the initialization of this popu-

lation work in the same way as in opt-aiNet, 

with cells represented by real coded vectors, 

randomly sampled from a uniform distribution 

in the problem domain at the beginning of the 

algorithm’s execution.

The first drawback identified by de França 

et al. (2005a) was in opt-aiNet’s mutation 

operator. opt-aiNet employs a Gaussian muta-

tion with a fixed parameter (β) that controls 

the step size of the mutation (see de Castro & 

Timmis, 2002b), which is proportional to the 

value of the objective function and sometimes 

requires a pre-analysis of the function landscape 

to be properly set. Therefore, de França et al. 

(2005a) proposed the dynamic adjustment of 

this parameter with a linear search known as 

golden section (Bazaraa et al., 1993).

It was also identified that opt-aiNet’s 

Gaussian mutation operator tends to bias the 

direction of search to only some subset of all 

possible directions, in high-dimensional prob-

lems. So, to deal with this issue, dopt-aiNet 

introduced a second mutation operator, called 

One-dimensional Mutation, which creates a 

clone population with size equal to the number 

of dimensions of the problem, and, for each 

clone, a Gaussian Mutation is performed only 

in one element of the solution, i.e. only in one 

of the dimensions.

Together with these two mutation mecha-

nisms, a third mutation operator was also 

proposed, which was called Gene Duplication. 

This operator randomly selects the value in 

one position of the real-coded solution vector 

Table 1. The difference between the 8 best solutions obtained by copt-aiNet on the Lymphoma 

dataset, according to the distance criteria adopted by de Souza et al. (2004) 

Solution 1 2 3 4 5 6 7 8 Cost

1 --- 102 87 102 99 91 118 107 1827.25

2 --- 107 108 102 105 93 115 1827.69

3 --- 93 104 108 108 123 1829.07

4 --- 99 110 117 117 1829.18

5 --- 111 117 100 1829.58

6 --- 115 117 1830.44

7 --- 130 1830.83

8 --- 1831.40
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and replicates it into the remaining positions, 

only when such copy improves the quality of 

the solution. This procedure creates a new cell 

that is inserted into the population.

Another modification included by dopt-

aiNet was the replacement of the Euclidean 

distance adopted in the suppression mechanism 

of opt-aiNet by what was called Cell Line Sup-

pression, as the original metric tends to allow 

the elimination of solutions in different peaks 

of the problem’s landscape if such problem 

presents both steep and wide peaks, and the 

suppression threshold is not suitably adjusted 

in each case.

With the Cell Line Suppression, the dis-

tance between two cells A and B is obtained 

with the calculation of the distance from the 

point in the middle of these two solutions to its 

projection in the straight line that connects A 

and B. According to de França et al. (2005a), 

this metric leads to a higher robustness, con-

sidering the suppression threshold, as it can 

effectively identify when two solutions are on 

the same optima.

Finally the last modification of dopt-aiNet 

is the introduction of the multi-population 

concept. As the dopt-aiNet was created to deal 

with situations of constantly changing sce-

narios, it was proposed a memory population 

where the converged cells (cells that cannot 

improve anymore) are stored for later usage, 

which is particularly useful in situations of 

cyclic changes.

Applications

A set of eighteen static optimization functions 

was chosen by de França et al. (2005a) in order 

to evaluate dopt-aiNet’s performance against 

other traditional evolutionary and immune-

inspired algorithms from the literature (the 

algorithms presented in Angeline (1998), Leung 

and Wang (2001), Siarry et al. (1997), Timmis 

et al. (2004) and Yao and Liu (1997)), and the 

results indicated that dopt-aiNet was able to 

find the global optimum of each problem, while 

performing less function evaluations than the 

contenders (it was evaluated if each algorithm 

was able to achieve the optimum of the problem 

and how many function evaluations were required 

to accomplish this task). The results of the contend-

ers were taken from the literature.

Considering dynamic optimization problems, 

in the same work de França et al. (2005a) adopted 

four well known static optimization problems and 

modified them so that their optima were displaced 

at each iteration, with linear, circular and Gaussian 

movements, while the objective function values 

of the optima are preserved. In this situation, 

dopt-aiNet was compared with the B-Cell Algo-

rithm (BCA – Timmis et al., 2004) and the PSO 

proposed by Angeline (1997) (the parameters of 

the three algorithms were empirically defined) and 

the results showed that the maximum and average 

errors with respect to the optimum of the problem 

remained very low, even lower than those from 

BCA and PSO.

Additionally, in Junqueira et al. (2005) the 

dopt-aiNet algorithm was also applied to estimate 

the coefficients of a FIR equalization filter, on an un-

supervised approach with static and time-varying 

channels, and the obtained results were compared 

to those produced by a Genetic Algorithm with 

niching and also to those proposed by opt-aiNet. 

The results showed that dopt-aiNet was able to 

outperform both algorithms by finding the global 

optimum 90% of the time, while opt-aiNet found 

it just 82% of the time and the GA obtained it in 

less than 50% of the experiments.

Later, in Junqueira et al. (2006), dopt-aiNet 

was applied to optimize a blind spatial equalization 

in undermodeled channels, that is, to find the proper 

parameters of a given spatial filtering technique 

in order to correctly separate signals associated 

with multiple users and restore corrupted signals 

originated from interference and noise. The results 

showed that, again, dopt-aiNet was able to find 

solutions very close to the global optimum, both 

in static and dynamic scenarios.

Discussion

Besides the dopt-aiNet success on the afore-

mentioned problems and controlled scenarios, 

this algorithm was recently tested against 

a proposed set of benchmarking problems 
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during the IEEE Congress on Evolutionary 

Computation competition on dynamic environ-

ments (de França & Von Zuben, 2009). These 

benchmarking problems tried to comprise 

several distinct situations that can be faced on 

dynamic environments. The results, though, 

showed that dopt-aiNet had some difficulties to 

deal with such environments, mainly because 

of its overall computational complexity. In the 

competition, the number of function evaluations 

allowed for each scenario was not enough for 

the algorithm to achieve the moving peaks of 

the proposed problems. The solution proposed 

by the authors to deal with such limitations 

was to work with a very small population size, 

limiting the number of clones, and reducing the 

computational effort of the mutation operators. 

Although the other four competing algorithms 

also had to limit their operators and population 

size as well, dopt-aiNet still requires more 

function evaluations in average than the others 

to achieve a compatible performance. Indeed, 

network-based approaches operating with a 

small population cannot benefit from several 

aspects of their search power.

Similarly to the opt-aiNet algorithm, dopt-

aiNet also has a complexity per iteration of O(N.

N
c
.L), with N being the current population size, 

N
c
 the number of generated clones and L the 

problem dimension and, whenever the suppres-

sion step is applied, the complexity becomes 

O(N2.L) if N > N
c
.

Omni-aiNet

As mentioned before, the omni-aiNet algorithm 

(Artificial Immune Network for Omni Optimi-

zation –Coelho & Von Zuben, 2006a) is the 

extension of aiNet to solve omni optimization 

problems (Deb & Tiwari, 2005) or, in other 

words, this algorithm is capable of automati-

cally adapting its mechanisms to solve single 

and multi-objective optimization problems, 

both uni and multimodal, without requiring any 

modification in its structure from the user.

Structure of the Algorithm

As opt-aiNet, omni-aiNet also works with a real-

coded population of cells, which corresponds to 

the candidate solutions for the problem being 

optimized. The main steps of the algorithm are 

given in Pseudo-code 3, and the parameters that 

should be adjusted by the user are: N, which is 

the initial number of subpopulations; N
c
, that 

corresponds to the number of clones that are 

generated per antibody (and maximum size of 

each subpopulation); N
gs

, the number of itera-

tions between two consecutive suppression and 

random insertion steps; the suppression thresh-

old σ
s
; the percentage of new random solutions 

that should be inserted after each suppression 

step; and η
min

 and η
max

, the minimum and maxi-

mum values of the parameter that controls the 

amplitude of the mutation operator.

The main aspects of the omni-aiNet algo-

rithm, depicted in Pseudo-code 3 (Figure 9), 

which will be discussed here, are the mutation, 

selection and suppression mechanisms, which 

present significant differences when compared 

to those in the original opt-aiNet.

The main hypermutation operator ad-

opted in omni-aiNet is the polynomial muta-

tion mechanism (Deb, 2001), modified so that 

Figure 8. The three different mutation operators of copt-aiNet: (a) insertion mutation; (b) ex-

change mutation; and (c) cross-exchange mutation
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the amplitude of mutation becomes inversely 

proportional to the quality of each clone (better 

solutions suffer mutation with smaller varia-

tion). Besides polynomial mutation, omni-aiNet 

also incorporates the Gene Duplication mutation 

operator, already adopted by de França et al. 

(2005a) in dopt-aiNet. However, differently 

from dopt-aiNet, as Gene Duplication is compu-

tationally expensive (for every individual with 

k coordinates, it requires k−1 fitness evaluations 

in the worst case) and it also requires that all 

coordinates of each individual are scaled within 

the same range, Coelho et al. (2010) decided 

to apply such operator only sporadically, thus 

reducing the overall computational cost of the 

algorithm.

Another significant difference, when 

compared to opt-aiNet, is in the selection 

mechanism, performed after each cloning and 

hypermutation steps. In omni-aiNet, the best 

solutions from the whole set of parents and 

mutated clones are kept in the population, even 

if more than one cell is selected from each set 

of parent+clones (differently from opt-aiNet, 

that selects only a single best cell from each set 

of parents and their mutated clones). However, 

in this selection mechanism the size of the 

population is also maintained constant, with 

the same value that it had before de cloning 

and hypermutation steps (the mechanisms that 

allow a dynamic variation of the size of the 

algorithm’s population are the suppression and 

the random insertion).

The selection mechanism basically ranks 

all the solutions according to the constrained 

ε-dominance criterion (Deb & Tiwari, 2005) and 

Figure 9. Pseudo-code 3
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iteratively selects all the individuals of each rank 

(from the first to the last one) until the desired 

number of solutions to remain in the population 

is achieved. If the number of individuals in the 

rank to be inserted into the population is higher 

than the number of vacancies, the algorithm 

employs the grid procedure to select the most 

spread solutions. This grid procedure is similar 

to the way the NSGA-II algorithm (Deb et al., 

2002) calculates the crowding distance metric, 

and further details can be found in Coelho and 

Von Zuben (2006a) and Coelho et al. (2010).

Finally, the suppression of similar individu-

als and insertion of new randomly generated 

ones are made from N
gs

 to N
gs

 generations in 

omni-aiNet. The value of N
gs

 should be greater 

than one to provide enough time for the algo-

rithm to explore the vicinity of each solution 

before the suppression of similar individuals 

occurs (this allows the recent inserted cells to 

improve before suppression). In this suppression 

phase, the Euclidean distance between every 

pair of individuals in the population is calcu-

lated and scaled with respect to the maximum 

distance found so far. Two individuals that are 

closer to each other than a suppression threshold 

(σ
s
) are subject to a Binary Tournament, where 

the worst cell is eliminated from the popula-

tion. This Binary Tournament basically adopts 

the same criteria used in the ranking procedure 

(constrained ε-dominance).

Applications

The omni-aiNet algorithm was applied to a set 

of function optimization problems of different 

types in Coelho and Von Zuben (2006a), to il-

lustrate the capability of the algorithm to adapt 

its mechanisms to each kind of problem treated. 

Although no formal and rigorous comparisons 

were made (the contender algorithms had their 

parameters empirically adjusted and compari-

sons were visually made in most of the cases), 

the results obtained were encouraging and 

even outperformed those obtained by another 

proposal of omni optimizer from the literature 

(Deb & Tiwari, 2005) for two multi-objective 

optimization problems.

A slightly modified version of omni-aiNet 

was also applied in a multi-objective approach 

for phylogenetic reconstruction (Coelho et al., 

2007a; Coelho et al., 2007b; Coelho et al., 

2010), what led to significant improvements 

when compared to Neighbor Joining (Saitou 

& Nei, 1987) and Close-Neighbor-Interchange 

(Nei & Kumar, 2000), which are traditional 

single-objective approaches usually adopted 

in the literature.

Besides, in Coelho et al. (2010) the NSGA-

II algorithm (Deb et al., 2002) was also modi-

fied for the same purpose and its results were 

compared to those obtained by omni-aiNet (both 

algorithms were run for the same number of 

objective function evaluations and with the same 

number of individuals in the initial population). 

It was observed that, on average, the NSGA-

II was capable of obtaining solutions slightly 

closer to the Pareto front of the problem, but 

omni-aiNet provided a much broader coverage 

of the front, as illustrated in Figure 10 (for a 

single execution of both algorithms, selected 

randomly from the five repetitions made).

The omni-aiNet algorithm was also applied 

to ensemble learning by Pasti et al. (2009), and 

its multi-objective mechanisms were explored 

to evaluate whether the explicitly maximization 

of diversity of the components in ensembles 

(Multi-layer perceptrons for classification prob-

lems) resulted in performance gains (smaller 

classification errors) when compared to those 

ensembles built with components trained with 

algorithms that solely try to minimize their indi-

vidual errors. The obtained results indicate that 

the multi-objective approach led to ensembles 

with much more diverse components, but such 

higher diversity was not directly reflected in a 

consistent reduction of the ensemble’s overall 

classification error.

Discussion

Although omni-aiNet presented promising re-

sults in the first comparisons made by Coelho 

and Von Zuben (2006a) and also a great per-

formance in the highly complex phylogenetic 

reconstruction task (Coelho et al., 2010), further 
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and deeper analysis of the algorithm’s perfor-

mance and comparisons with state-of-the-art 

techniques in challenging function optimization 

problems (single and multi-objective and uni 

and multimodal) must still be made.

It is possible to notice from Pseudo-code 3 

that, differently from opt-aiNet and other vari-

ants, omni-aiNet performs a global selection 

of individuals from the pool of mutated clones 

and parent cells, which may have some impact 

in the capability of the algorithm to maintain 

diversity in the variable space. Therefore, this 

potential issue may be further investigated and, 

if it is confirmed, a direct solution would be the 

adoption of the concept of multiple subpopula-

tions, as it was already made in MOM-aiNet and 

MOM-aiNet+ algorithms (see Section 6).

The omni-aiNet’s computational cost is 

obviously higher than opt-aiNet’s because of 

the multi-objective operators included into this 

algorithm, such as the non-dominance rank-

ing and grid procedure. Because of that, the 

complexity of each iteration becomes O(N2.

N
c

2.M), where N is the current population size, 

N
c
 is the number of clones per solution and M 

is the number of objectives of the problem. 

In the iterations with a suppression step (and 

given that L > N
c

2.M, being L the dimension of 

the problem), the complexity of the algorithm 

becomes O(N2.L).

6. ARTIFICIAL IMMUNE 
NETWORKS FOR 
BICLUSTERING

In this section, the extensions of aiNet to deal 

with the biclustering problem will be presented. 

More specifically, the bicopt-aiNet (Artificial 

Immune Network for Bicluster Combinato-

rial Optimization – de França et al., 2006b), 

BIC-aiNet (Artificial Immune Network for Bi-

clustering – Castro et al., 2007a), MOM-aiNet 

(Multi-Objective Multipopulation Artificial 

Figure 10. Illustration of the differences observed in the final results (sets of non-dominated 

solutions) obtained by omni-aiNet and NSGA-II after a single execution of both algorithms 

(selected randomly from the five repetitions made) for a phylogenetic reconstruction problem 

(Coelho et al., 2009). In this problem, the Minimum Evolution and the Mean-squared Error 

criteria should be minimized.
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Immune Network for Biclustering – Coelho et 

al., 2008) and MOM-aiNet+ (Improved Multi-

Objective Multipopulation Artificial Immune 

Network for Biclustering – Coelho et al., 2009a) 

algorithms will be detailed, together with results 

from the literature, examples of applications 

and discussion of issues and aspects still open 

in each technique (when it applies).

Bicopt-aiNet

The first extension of aiNet for biclustering 

was proposed by de França et al. (2006b) with 

their Artificial Immune Network for Bicluster 

Combinatorial Optimization (bicopt-aiNet) 

which, as the name says is based on the copt-

aiNet of de Souza et al. (2004).

bicopt-aiNet was proposed to deal with the 

first type of biclustering problems (see Section 

4), those that require the reordering of rows 

and columns of the data matrix so that regions 

characterized by high correlation are identified 

and their elements are grouped.

Structure of the Algorithm

As bicopt-aiNet is very similar to the copt-aiNet 

algorithm, explained before in Section 5, just 

the differences between both algorithms will 

be explained in this section.

First of all, the representation of solutions 

used in bicopt-aiNet consists of two permuta-

tion vectors that represent a possible order of 

the rows and columns of the data matrix. The 

mutation operator follows the same procedure of 

the copt-aiNet algorithm explained in Figure 8, 

except that it is applied to both permutation vec-

tors of the candidate solution. The suppression 

and insertion mechanisms are also equivalent 

to those presented in copt-aiNet.

Regarding the fitness function, de França 

et al. (2006b) proposed a methodology to re-

flect the similarities of the region surrounding 

each element of the reordered data matrix, by 

calculating the sum of the distances between 

each element and its surroundings, defined by 

an n×n window frame denoted as radius of vi-

sion (illustrated in Figure 11).

The main difference between bicopt-aiNet 

and copt-aiNet is that, in the former, it is applied 

a 3-opt local search (as described in Glover & 

Kochenberger, 2002) at each local_it iterations. 

This local search performed both in the row 

and column vectors of the solution, tries to 

exchange three pairs of consecutive indices of 

the permutation vectors, in order to reduce the 

total cost of the objective function.

Applications

To evaluate the algorithm’s capabilities, de 

França et al. (2006b) built a set of colored bit-

map images and presented a scrambled version 

of them (rows and columns mixed together) to 

bicopt-aiNet, so that they could be reordered. 

The goal of these experiments was to find the 

best image that maximizes the proposed fitness 

model, based on the Euclidian distance between 

the RGB values of each pixel of the image 

according to the “radius of vision”. A similar 

experiment was performed here, and the results 

are shown in Figure 12. As it is possible to see, 

the best result found by bicopt-aiNet is visually 

very similar to the original image.

As a more practical experiment, de França 

et al. (2006b) proposed the application of bicopt-

aiNet to a gene ordering problem. This problem 

consists in finding the best order of the rows and 

columns that would result in an easier retrieval of 

knowledge and object relations from the dataset. 

In Figure 13 we can visually see the differences 

between an unprocessed dataset (Figure 13a) 

and the data reordered by bicopt-aiNet (Figure 

13b). The latter can help the data analyst to 

infer, among other possibilities, which objects 

are more related with each other and which 

features are more useful in this data.

Discussion

Regarding the fitness of the solutions found 

both by bicopt-aiNet and by a Hierarchical 

Clustering algorithm for the gene reordering 

problems in de França et al. (2006b), bicopt-

aiNet’s solutions seemed to perform much bet-

ter. However, visually those differences are not 
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so evident, what may be caused by the fitness 

function itself that may not be adequate to this 

particular application.

The computational cost at each iteration of 

bicopt-aiNet also depends on the current popula-

tion size, so its complexity is O(N.N
c
.max(n,m)), 

where N is the current population size, N
c
 is the 

number of clones that should be generated for 

each cell and n × m is the problem dimension. 

When considering the suppression step of the 

algorithm, this complexity may become O(N2.

max2(n,m)) whenever N.max(n,m) > N
c
.

BIC-aiNet

In 2007, Castro et al. (2007a) proposed another 

extension of the aiNet framework for bicluster-

ing, which was named BIC-aiNet (Artificial 

Immune Network for Biclustering). However, 

differently from bicopt-aiNet, BIC-aiNet was 

proposed to deal with the second approach of 

the biclustering problem (see Section 4).

This analysis makes it possible that one 

object belongs to more than one cluster, given 

a different set of attributes, or, in other words, 

Figure 11. The objective function for the biclustering problem as modeled in bicopt-aiNet. The 

n×n window is defined by a radius of vision: with radius = 1 the calculation is made with the 

neighbors marked with “B”, with radius = 2 the calculation is made with the “B’s” and the 

“C’s”, and so on.

Figure 12. A test image for bicopt-aiNet: (a) original color bitmap image; (b) the scrambled 

image presented to the algorithm; (c) the best result found
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an object A may relate to an object B with a 

given subset of attributes and may relate to 

an object C as well, but with another set of 

attributes, thus creating two distinct clusters 

that hold different knowledge.

In short, this biclustering approach re-

quires that the algorithm should be capable 

of generating sets of biclusters that represent 

most of the available data (high coverage), that 

each bicluster has a high similarity among its 

elements, a maximal volume (denomination of 

the size of the bicluster, based on the number 

of elements times the number of attributes) 

and, when dealing with sparse datasets, a high 

occupancy (low number of null elements in the 

bicluster). And these were the goals of Castro 

et al. (2007a) with BIC-aiNet.

Structure of the Algorithm

In BIC-aiNet, the similarity metric used to 

compare elements inside a bicluster was the 

Mean Squared Residue (Cheng & Church, 2000) 

given by Eq. 2.

R
a a a a

N M

ij Ij iJ IJ

i j

=

− − +( )
⋅

∑

2

,
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where N and M are the total number of rows 

and columns, respectively, in the bicluster, a
ij
 

is the value of the element (i,j), a
Ij
 is the mean 

value of column j, a
iJ
 represents the mean value 

of row i, and a
IJ
 is the mean value considering 

all the elements of the bicluster.

BIC-aiNet follows again the same content 

described in Pseudo-code 1 and the modifica-

tions will be explained in what follows.

Starting with the initialization, BIC-aiNet 

creates a population of biclusters with just one 

row and one column, that is, it starts with a small 

bicluster and tries to improve it by increasing 

its volume while attending the maximum mean 

squared residue constraint.

The representation of solutions in the cell 

population consists of two vectors containing 

the set of row and column indices belonging 

to the bicluster. Notice that these vectors have 

variable size and are constructed in this way 

in order to make the algorithm more efficient.

BIC-aiNet’s representation will only re-

quire, for the whole population, a memory size 

proportional to the size of the whole dataset 

when the biclusters cover all the data (worst 

case), with an eventual overhead added by over-

laps. The reason is that each cell will hold just 

a small part of the dataset, generally different 

Figure 13. A test case of bicopt-aiNet on a data reordering problem with (a) representing the 

original data matrix and (b) the reordered data
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from those of other cells due to different similari-

ties within the dataset and overlap constraints 

(that will be discussed later). However, this 

memory reduction increases the computational 

cost associated with insertions and removals of 

elements in the solution vectors.

The fitness function adopted in BIC-aiNet 

is a weighted sum of the objectives of the bi-

clustering problem (mean squared residue and 

size of the bicluster) and is given by:

f M N
R w

M

w

N

c r, ,( )= +
⋅
+

⋅















−

λ

λ λ

1

 (1)

where λ is a parameter that penalizes solutions 

with high residue values, w
c
 is the importance of 

the number of columns and w
r
 the importance 

of the number of rows in the bicluster. The 

operator |.| provides the number of elements in 

a given vector. Parameters λ, w
c
 and w

r
 should 

be defined by the user for each problem.

Considering the mutation operator, accord-

ing to Castro et al. (2007a) it was conceived to 

incrementally try to improve the bicluster and, 

for that matter, it is divided into three steps:

• Insert one row in the bicluster;

• Insert one column in the bicluster;

• Remove one row or column from the 

bicluster.

Only one of these three steps is applied 

to each clone at each iteration of BIC-aiNet, 

and they are chosen randomly with the same 

probability. Also, the element of the dataset that 

will be inserted or removed is randomly chosen 

from a set of possible elements.

Differently from aiNet, in BIC-aiNet the 

diversity maintenance mechanisms (suppres-

sion and insertion of new cells) are applied 

from time to time, and not in all iterations (as 

in dopt-aiNet and omni-aiNet – see Section 5), 

in order to allow the solutions to evolve before 

eventual suppressions are made.

The suppression method of BIC-aiNet 

calculates the amount of elements that are com-

mon in each pair of biclusters in the population 

and, when two biclusters have a percentage 

of intersection above a pre-defined threshold, 

the one with lower fitness is removed from the 

population.

Applications

The BIC-aiNet algorithm was applied in a 

Collaborative Filtering application (Castro et 

al., 2007a; Castro et al., 2007b) and to perform 

Text Mining (Castro et al., 2007c; Castro et 

al., 2009).

In the first application, the algorithm was 

tested on a diverse set of item-recommendation 

problems and compared against other well 

known approaches to the recommendation 

problem such as Pearson Correlation (Sarwar et 

al., 2001), Bayesian Networks (Jensen, 2001), 

Naïve Bayes (Miyahara & Pazzani, 2000), a 

Probabilistic Memory-based Collaborative 

Filtering (Yu et al., 2004) and a biclustering 

method called Nearest-Biclusters (Symeonidis 

et al., 2007). The results were evaluated ac-

cording to the quality of prediction, as each 

algorithm is based on different frameworks. 

The comparisons showed that, given the ca-

pability to relate a subset of objects to just 

a subset of attributes, BIC-aiNet presented 

better performance (smaller prediction error) 

when compared to the other methods. The 

identification of these partial relations between 

objects and attributes that may be present in 

the datasets showed to be particularly useful 

for this problem, as most of the time the items 

in the dataset could be automatically divided 

into several different categories.

In the text mining application, BIC-aiNet 

was able to identify how subsets of words are 

related to different categories of documents. 

In Castro et al. (2007c), the selected words not 

only could differentiate documents belonging 

to different subjects like sports, informatics and 

economy, but could also find terms related to 

groups of documents from different classes, such 

as informatics and economy, for example.

In Castro et al. (2009), BIC-aiNet was 

adopted as the basis of a Query Expansion 
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Algorithm. In this work, when a user makes a 

query to the system, it suggests several terms 

that are related to such query but that may lead 

the results to a whole different set of documents. 

This work showed that BIC-aiNet could find 

and suggest coherent terms and, when compared 

to a simple term-term similarity approach and 

to the usage of cosine similarity to find the 

words correlated to a query term, BIC-aiNet 

led to alternative sets of suggestions. Therefore, 

Castro et al. (2009) indicate that a combination 

of the suggestions made by BIC-aiNet with the 

suggestions made by the other approaches may 

lead to an increased performance, although this 

proposal was not implemented.

Discussion

Besides the good performance obtained by 

BIC-aiNet on the experiments performed, this 

algorithm is highly susceptible to wrong param-

eter settings. As most of its parameters control 

the shape of the fitness function, they require 

a precise tuning in order to lead to the desired 

characteristics of the set of biclusters (i.e., higher 

volume, lower residue, better coverage, etc.). 

Therefore, a more robust fitness function would 

be certainly beneficial to this algorithm.

The computational cost of each iteration 

of BIC-aiNet is O(N.N
c
.max(n,m)), where N is 

the current population size, N
c
 is the number of 

clones to be generated per cell and n × m is the 

dimension of the dataset, or O(N2.max(n,m)) 

whenever suppression occurs and N > N
c
.

MOM-aiNet and MOM-aiNet+

As the BIC-aiNet algorithm, MOM-aiNet 

(Multi-Objective Multipopulation Artificial 

Immune Network for Biclustering – Coelho et 

al., 2008) and MOM-aiNet+ (Improved Multi-

Objective Multipopulation Artificial Immune 

Network for Biclustering – Coelho et al., 2009a) 

are also variants of the original aiNet developed 

for the second approach of biclustering. How-

ever, differently from BIC-aiNet, both MOM-

aiNet and MOM-aiNet+ include concepts of 

multi-objective optimization (Deb, 2001) and 

multipopulational search.

In MOM-aiNet and MOM-aiNet+, the 

biclustering problem is seen as a two-objective 

optimization problem, where the mean squared 

residue of the biclusters (Eq. 2) should be 

minimized while their volume should be 

maximized.

Structure of the Algorithm

Besides the interpretation of biclustering as a 

multi-objective optimization problem, MOM-

aiNet and MOM-aiNet+ also further explore 

the multipopulation aspect of aiNet. The aiNet 

algorithm evolves multiple cells (individuals) 

in parallel and, associated with each of these 

cells, there is a population of mutated clones. 

Each of these subpopulations is stimulated to 

converge to distinct promising regions of the 

search space (generally to the closest local op-

timum) but, at each iteration of the algorithm, 

only the best individual of each subpopulation is 

selected to constitute the population of the next 

generation. In MOM-aiNet and MOM-aiNet+, 

not only the best individual of each subpopula-

tion is kept in the population, but several lo-

cally non-dominated sets of individuals. Also, 

in the end of their execution, MOM-aiNet and 

MOM-aiNet+ algorithms return not only the 

global set of non-dominated individuals, but 

all the non-dominated solutions within each 

sub-population. With this approach, accord-

ing to Coelho et al. (2008) and Coelho et al. 

(2009a), the final set of solutions may provide 

a higher coverage of the data matrix and may 

also contain sub-optimal biclusters (according to 

the mean-squared residue and volume criteria) 

that still represent important correlations of the 

dataset that were not identified by the “optimal” 

set of solutions (Coelho et al., 2009b).

When compared to each other, MOM-aiNet 

and MOM-aiNet+ differ on the presence, in the 

latter, of mechanisms that transform unfeasible 

biclusters (with mean squared residue above 

the upper constraint imposed by the user) into 

feasible ones, and also mechanisms that add 
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nodes that do not increase the mean squared 

residue into the biclusters, so that their volume 

is improved. These two mechanisms added 

to MOM-aiNet+ are based on mechanisms 

of Cheng & Church’s popular CC algorithm 

(Cheng & Church, 2000).

The main steps of both MOM-aiNet and 

MOM-aiNet+ algorithms are given in Pseudo-

code 4, being those steps exclusive to MOM-

aiNet+ marked with an ‘(*)’. The cells in the 

population of these algorithms are candidate 

biclusters, and they are encoded in the same 

way as in BIC-aiNet. The user must adjust 

the following parameters in MOM-aiNet and 

MOM-aiNet+: N, which is the initial number 

of subpopulations; N
c
, that corresponds to the 

number of clones that are generated per antibody 

(and maximum size of each subpopulation); N
gs

, 

the number of iterations between two consecu-

tive suppression and random insertion steps; 

N
LS

, which is the number of iterations between 

two consecutive multiple node insertions; σ
s
, 

the suppression threshold; δ, the upper residue 

constraint; and γ, which is the lower occupancy 

constraint (for sparse datasets).

The main aspects of MOM-aiNet and 

MOM-aiNet+ that should be highlighted from 

Pseudo-code 4 (Figure 14) are the constraints 

controlled during the optimization and the 

selection and suppression mechanisms, which 

are common to both algorithms.

There are two constraints controlled in 

MOM-aiNet and MOM-aiNet+: the first one is 

an upper limit δ for the mean squared residue, 

being every bicluster with a residue higher than 

δ considered dominated by any other feasible 

bicluster; and the other is the occupancy rate (for 

sparse datasets), which measures the propor-

tion of non-null values in the bicluster. When 

an insertion action is chosen by the mutation 

process, the set of candidate rows/columns to 

be inserted is reduced to those that keep the 

bicluster occupancy rate above a threshold γ. 

With the explicit control of these constraints, 

both MOM-aiNet and MOM-aiNet+ allow 

the user to easily define which are the desired 

characteristics of the set of biclusters to be 

obtained by the algorithms.

After the mutation step, performed on 

each clone generated to compose a subpopu-

lation, all the non-dominated biclusters of this 

subpopulation, considering the mutated clones 

and original cells, are selected to generate the 

new subpopulation for the next iteration. If the 

number of non-dominated elements exceed 

N
c
, a crowding-distance-based (Deb et al., 

2002) suppression is performed, in order to 

maintain a controlled-size and locally diverse 

subpopulation.

Finally, in this suppression phase of the 

algorithms (which is performed from N
gs

 to N
gs

 

iterations), the largest biclusters of each sub-

population are compared, based on the degree 

of overlap among them (intersection of nodes 

– pairs of rows and columns – in each bicluster) 

and, when a pair of biclusters has a degree of 

overlapping higher than a given threshold σ
s
, 

the two subpopulations are merged and the non-

dominance selection is performed, creating a 

single subpopulation. Two subpopulations will 

only be merged when they start to express the 

same correlations among rows and columns 

of the data matrix or, in other words, they will 

only be merged when they start to converge to 

the same region of the data matrix.

Applications

Both MOM-aiNet and MOM-aiNet+ have been 

applied to gene expression and collaborative 

filtering datasets (Coelho et al., 2008; 2009a; 

b), in order to have their characteristics ex-

plored and understood. Both algorithms were 

extensively compared to popular biclustering 

techniques from the literature, such as CC 

(Cheng & Church, 2000), FLOC (Jiong et al., 

2003), the multi-objective-based algorithm of 

Mitra & Banka (Mitra & Banka, 2006) and even 

BIC-aiNet (Castro et al., 2007a;b;c).

The results obtained showed that, even 

though MOM-aiNet explicitly optimizes just 

the volume and mean square residue of the 

biclusters, it was also able to maximize the cov-

erage of the dataset obtained by the biclusters, 

mainly due to its multipopulation aspect and 

suppression mechanism, which inhibits two 
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distinct populations from exploring similar 

regions of the search space. Because of the 

suppression mechanism, MOM-aiNet was also 

able to maintain the degree of overlap among 

biclusters (the intersection in their elements) 

under control.

Considering the comparisons with the other 

techniques, MOM-aiNet could not always find 

the maximum volume on dense datasets, which 

is again due to the effect of the suppression 

mechanism that inhibits two populations from 

growing indefinitely and intersecting with 

each other. The most noticeable advantage of 

MOM-aiNet was observed on sparse datasets, 

where the algorithm was able to find the best 

trade-off among the objectives. Sparse datasets 

are usual, for instance, in applications involv-

ing recommender systems (Adomavicius & 

Tuzhilin, 2005).

Considering now a direct comparison be-

tween MOM-aiNet+ and MOM-aiNet (Coelho 

et al., 2009a), the experiments performed have 

shown that MOM-aiNet+ was able to increase 

the volume of the final set of solutions (when 

compared to MOM-aiNet’s results) without 

any significant impact in the mean squared 

residue. However, the improvement in volume 

also led to a reduction in the coverage of the 

Figure 14. Pseudo-code 4
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dataset and an increase in the degree of over-

lap among the biclusters in one of the dense 

datasets studied.

Discussion

Although it gives a better control of the desired 

aspects of the resulting set of biclusters, and 

also allows an easier adjustment of the set of 

parameters (i.e., each parameter is very explicit 

on what feature of the bicluster it influences), 

the multi-population approach requires a higher 

computational effort to find a proper set of 

solutions. However, as its inner procedures can 

be easily parallelized on a multi-core or multi-

processor environment, this algorithm can still 

be applied without much concern.

Also, because of the multi-objective nature 

of the biclustering problem, explicitly explored 

in MOM-aiNet and MOM-aiNet+, it is still 

difficult to infer right away which algorithm 

would be more suitable to a given problem, 

so the development of a controlled framework 

for experiments and comparison of different 

algorithms for distinct biclustering problems 

is still lacking.

When the computational cost per iteration 

is considered, if no suppression is performed 

MOM-aiNet tends to present a slightly smaller 

complexity – O(N.N
c
.max(n,m)), where N is 

the population size, N
c
 is the size of each sub-

population, and n × m is the dataset dimension 

– when compared to MOM-aiNet+ – O(N.

N
c
.(n + m)). However, when suppression is 

performed, both algorithms present the same 

complexity, which is O(N.N
c

2.(m+n)) when 

all the sub-populations are merged and O(N2.

(m+n)) when no merging is performed.

7. FINAL COMMENTS

Artificial Immune Systems (AISs) are a compu-

tational paradigm inspired by the immunologi-

cal system of vertebrates and designed to solve 

a wide range of problems, such as optimization, 

clustering, pattern classification and computa-

tional security.

Several immune-inspired algorithms have 

been proposed in the literature, and they differ 

mainly on the immunological metaphor used 

as inspiration. Two important principles from 

immunology are the Clonal Selection and the 

Immune Network theories that, when computa-

tionally implemented, seem to allow the algo-

rithms to adjust automatically the size of their 

populations along the execution and to maintain 

diversity in the population, thus providing a bet-

ter ratio between the capabilities of exploration 

and exploitation of the search space. However, 

besides some empirical evidences observed in 

the literature, there is still no published work 

that provides a thorough comparison with other 

traditional diversity control mechanisms and 

that theoretically verifies such properties.

Almost one decade ago, de Castro and 

Von Zuben (2002b) developed the Artificial 

Immune Network algorithm (aiNet), based on 

both Clonal Selection and Immune Network 

theories, to solve clustering problems and 

data compression. Following the empirical 

indications of interesting properties that was 

raised by aiNet, many extensions appeared in 

the literature, not only for clustering but also 

for continuous optimization, combinatorial 

optimization, multi-objective optimization, 

dynamic optimization, biclustering and recom-

mender systems.

In the Computational Intelligence field, 

aiNet’s research area is classified as a general 

purpose meta-heuristic and it is often compared 

to similar bio-inspired approaches like Evolu-

tionary Algorithms, Particle Swarm Optimiza-

tion and Ant Colony Optimization. Although 

there are significant similarities among these 

paradigms, as aiNet can also be interpreted as 

a populational evolutionary approach and a 

multi-agent environment, the aiNet family of 

algorithms also present some unique features, 

like an innate diversity maintenance mechanism 

imbued into the meta-heuristic, the capability to 

self-regulate the population size − in the sense of 

estimating the minimum amount of resources to 

implement the search − and, finally, the ability 

to present several high-quality solutions at the 

end of its execution, which tends to provide to 
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the user a more robust set of choices. There is 

also several diversity maintenance mechanisms 

proposed in the Evolutionary Computational 

literature, but such approaches are considered as 

additional mechanisms that should be included 

in the algorithms whenever diversity is required, 

differently from aiNet’s framework, in which 

this characteristic is intrinsic.

The goal of this paper was to review and 

discuss the publications of the original aiNet 

algorithm and its extensions, describing the 

conceptual aspects, the drawbacks and open 

issues associated with each algorithm, the results 

obtained so far and the applications already 

made. The algorithms reviewed in this work and 

their main applications are summarized in Table 

2, and the overall computational complexity of 

each of them is summarized in Table 3.

From this review, it was interesting to 

notice that the same immune-inspiration led to 

the development of several general techniques 

capable of effectively solving a broad set of 

problems, which may also be the reason that 

several open issues associated with these tech-

niques (not only specific to each algorithm, but 

also to the framework itself) were also identified. 

Therefore, as the results obtained with the ap-

plication of the aiNet-based techniques indicate 

that these algorithms present high potential, 

we believe that the scientific community may 

significantly benefit from an effort to better 

understand all the nuances of each technique 

and to comprehend and solve their open issues, 

which are summarized in what follows.

To begin with, besides the work of Stibor 

and Timmis (2007), there are no theoretical 

studies on the mechanisms of these algorithms, 

nor deeper controlled experimental compari-

sons of each specific operator proposed in the 

algorithms with different approaches from the 

literature (for example, there are no comparisons 

of aiNet’s diversity maintenance mechanisms 

with niching, focusing on the diversity issue 

itself).

Another important aspect that must be 

verified is whether the good empirical results 

reported so far in the literature are due to the 

framework itself or to the operators adopted. 

In other words, it should be studied whether a 

given operator benefits from the context that 

it is inserted into the meta-heuristic or the 

meta-heuristic performs well only due to its 

operators.

Considering the algorithms in general, 

there are several future perspectives besides 

the possibility of further improvements. For 

example, most of them still require a more 

consistent experimentation, to identify what 

behavior they present in different situations 

(problems with distinct characteristics) and 

to better understand the exact impact that 

each operator has in its overall performance. 

Besides, further controlled comparisons with 

different state-of-the-art techniques from the 

literature haven’t been made yet for some of 

these algorithms.

As it was observed throughout this review, 

the aiNet-based algorithms tend to present a 

large amount of parameters that must generally 

be adjusted empirically for each problem. Be-

sides that, these algorithms are very sensitive to 

some of these parameters so that an improper set 

up may lead to unpredictable behaviors. There-

fore, another important future perspective is the 

development and inclusion, in the algorithms, 

of mechanisms capable of self adapting to each 

problem, thus reducing the overhead caused by 

such large amount of parameters.

Another possibility is associated with the 

incorporation of different biologically-inspired 

aspects and mechanisms that may introduce in-

teresting properties to the algorithms and, at the 

same time, increase their biological relevance. 

For example, some tendencies in this area seems 

to be related to how the network of cells are 

organized, structured and stimulated in order to 

improve the overall performance of the remain-

ing inner mechanisms of the algorithms, like 

those responsible for the diversity maintenance 

and search for local solutions.

Finally, another important perspective of 

research lies in the parallelization of each algo-

rithm so that their inherent parallel mechanisms 

can explore the actual availability of multi-core 

systems, which may optimize the execution of 
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Table 2. Summary of the algorithms reviewed in this work 

Algorithm Application Case Studies

aiNet Clustering/Classification

Prediction of Landslides (Li et al., 2010), Cluster-

ing in Bioinformatics (Bezerra & de Castro, 2003; 

Bezerra et al., 2004), Learning of RBF Networks (de 

Castro & Von Zuben, 2001), Document Clustering 

(Ciesielski et al., 2006; Xu et al., 2006), Composi-

tional Timbre Design (Caetano et al., 2005).

opt-aiNet Numerical Optimization

Blind Source Separation of Post-nonlinear Mixtures 

(Duarte et al., 2006), Generation of Diversity on 

Neural Networks (Coelho & Von Zuben, 2006b; 

Pasti & de Castro, 2007; Pasti et al., 2009)

copt-aiNet Combinatorial Optimization Gene Expression Reordering (de Souza et al., 2004)

dopt-aiNet Numerical Dynamic Optimization

FIR Equalization Filter (Junqueira et al., 2005), 

Blind Spatial Equalization in Undermodeled Chan-

nels (Junqueira et al., 2006)

omni-aiNet Omni Numerical Optimization

Phylogenetic Reconstruction (Coelho et al., 2007a; 

Coelho et al., 2007b; Coelho et al., 2010), Ensemble 

Learning (Pasti et al., 2009)

bicopt-aiNet Biclustering (reordering)
Gene Expression, Image Reconstruction (de França 

et al., 2006b)

BIC-aiNet Biclustering

Gene Expression (Coelho et al., 2008, 2009a, b), 

Recommender Systems (Castro et al., 2007a; Castro 

et al., 2007b), Text Mining (Castro et al., 2007c; 

Castro et al., 2009)

MOM-aiNet 

MOM-aiNet+
Biclustering Gene Expression (Coelho et al., 2008; 2009a, b)

Table 3. Summary of the overall computational complexity per iteration of each algorithm re-

viewed in this work (with and without execution of the suppression step). The same convention 

adopted in the text is followed here, with N being the population size, N
c
 is the number of clones 

in the iteration, L is the problem dimension, M is the number of objectives (in multi-objective 

optimization), and n and m are the dimensions of the data set. 

Complexity per iteration

Algorithm Without Suppression With Suppression

aiNet – O(N2.L)

opt-aiNet O(N.N
c
.L) O(N2.L), for N > N

c

copt-aiNet O(N.N
c
.L) O(N2.L2), for N.L > N

c

dopt-aiNet O(N.N
c
.L) O(N2.L) for N > N

c
.

omni-aiNet O(N2.N
c

2.M) O(N2.L) for L > N
c

2.M

bicopt-aiNet O(N.N
c
.max(n,m)) O(N2.max2(n,m)) for N.max(n,m) > N

c

BIC-aiNet O(N.N
c
.max(n,m)) O(N2.max(n,m)) for N > N

c

MOM-aiNet O(N.N
c
.max(n,m)) O(N2.(m+n)) (worst case)

MOM-aiNet+ O(N.N
c
.(n + m)) O(N2.(m+n)) (worst case)
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these algorithms so that their overall complexity 

can be reduced.
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