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Introduction

This chapter explores basic aspects of the vertebrate immune system and proposes a
novel artificial immune network model with the main goals of clustering and filtering crude
data sets described by high-dimensional samples. We are not intent on reproducing with
confidence any immune phenomenon, but to demonstrate that immune concepts can be used
as inspiration to develop novel computational tools for data analysis. As important results of
our model, the network evolved will be capable of reducing redundancy and describing data
structure, including their spatial distribution and cluster inter-relations. Clustering is useful in
several exploratory pattern analyses, grouping, decision-making and machine-learning tasks
including data mining, knowledge discovery, document retrieval, image segmentation and
automatic pattern classification. The data clustering approach was implemented in association
with hierarchical clustering and graph theoretical techniques, and the network performance is
illustrated using several benchmark problems. The computational complexity of the
algorithm and a detailed sensitivity analysis of the user-defined parameters are presented. A
trade-off among the proposed model for data analysis, connectionist models (artificial neural

networks) and evolutionary algorithms is also discussed.

Basic Ideas and Rationale

The vertebrate immune systdmas several useful theories from the viewpoint of
information processing. Among these, we can stress the immune network theory and the
clonal selection and affinity maturation principles. The immune network theory hypothesizes
the activities of the immune cells, the emergence of memory and the discrimination between
our own cells (known as self) and external invaders (known as nonself). It also suggests that

the immune system has an internal image of all existing pathogens (infectious nonself) to



which it might be exposed during its lifetime. On the other hand, the clonal selection

principle proposes description of the way the immune system copes with the pathogens to
mount an adaptive immune response. The affinity maturation principle is used to explain how
the immune system becomes increasingly better at its task of recognizing and eliminating
these pathogens (antigenic substances). In this chapter, we will review these theories and
show that many of their concepts and ideas can be used to develop an artificial immune
network model, named aiNet, capable of solving pattern recogtass similarly to the
vertebrate immune system.

The aiNet model will consist of a set of cells, named antibodies, interconnected by
links with associated connection strengths. The aiNet antibodies are supposed to represent the
network internal images of the pathogens (input patterns) contained in the environment to
which it is exposed. The connections between the antibodies will determine their inter-
relations, providing a degree of similarity (in a given metric space) among them: the closer
the antibodies, the more similar they are.

Based upon a set of unlabeled pattetns{xy,xs,...Xm}, Where each pattern (object,
or samplek;, i = 1,..M is described by variables (attributes or characteristics), a network
will be constructed to answer questions like: (1) Is there a great amount of redundancy within
the data set and, if there is, how can we reduce it? (2) Is there any group or subgroup intrinsic
to the data? (3) How many groups are there within the data set? (4) What is the structure or
spatial distribution of these data (groups)? (5) How can we generate decision rules to classify
novel samples?

This chapter is organized as follows. In Section 2, the basic immunological principles
to be employed are reviewed. The artificial immune network model, named aiNet, is
described in Section 3, and analyzed in Section 4. Section 5 presents the hierarchical
clustering and graph theoretical techniques used to define the network structure, and Section
6 presents the aiNet simulation results for several benchmark tasks, comparing with the
Kohonen (1982) self-organizing map (SOM). Section 7 presents a sensitivity analysis of the
proposed algorithm with relation to the most critical user-defined parameters. The chapter is
concluded in Section 8 with a discussion of the network main characteristics, potential

applications and future trends.



Immune Principles

As a first step, we shall sketch a few aspects of the human adaptive immune system. A
number of concepts and technical terms will be introduced to make the reader familiar with
the terminology. Master details about the immune network theory, clonal selection and
affinity maturation principles will be given in dedicated sections. An interested reader shall
refer to Janeway, Travers, Walport and Capra (2000) for a good introductory text in
immunology and to de Castro and Von Zuben (1999a) for immunology under the
computational intelligence perspective.

The immune systens a complex of cells, molecules and organs with the primary role
of limiting damage to the host organism by pathogens, which elicit an immune response and
thus are called antigens (Ag). One type of response is the secretion of antibody (Ab)
molecules by B cells, or B lymphocytes. Antibodies are Y-shaped receptor molecules bound
on the surface of a B cell with the primary role of recognizing and binding, through a
complementary matchvith an antigen. The antibody molecules recognize a portion of the
antigen called epitope. Antibodies also present epitopes, which are named idiotopes. A set of
idiotopes is called an idiotype. While each B cell is known to have a single type of antibody,
thus being called monospecific, antigens typically have several different types of epitopes,
and can be recognized by several different antibodies. The antibody portion responsible for
matching (recognizing) an antigen is called paratope, also known as V-region, for variable
region. It is variable because it can alter its shape to achieve a better match (complementarity)
with a given antigen. The strength and specificity of the Ag-Ab interaction is measured by the
affinity (complementarity level) of their match. See Figure 1 for an illustration of an antigen

with its many epitopes and an antibody with its paratope and idiotope.

B cell receptor (Ab)
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(a) (b)
Figure 1: B cell, antigen, antibody, epitopes, paratopes and idiotopes. (a) An antigen with its
multiple epitopes recognized by different B cells. (b) Antibody combining site (V-region or

paratope), and its idiotope.



When stimulated, the B cell proliferatasd secretes its receptor molecules as free
antibodies. Antibodies thus can either be free molecules or receptors attached to cells.
Secretion requires that B cells become activated, undergo proliferation (cloning) and then
finally differentiate into plasmand memory cells. A clone is a cell, or a set of cells, which is
the progeny of the same cell. A plasma tethe one capable of secreting antibody that
presents high rates and a memory isethe cell with high affinity with the antigen that will
be rescued for a faster and stronger response to a previously seen (or related) antigen. Those
cells that are valuable to the system, i.e. recognize antigens, grow in concentration and
affinity (affinity maturation), while those that are not die out. This basic process of pattern
recognition and selectiae known as clonal selectigBurnet, 1978) and is similar to natural
selection, except that it occurs on a rapid time scale on the order of days and weeks, within
our bodies.

In order to be protective, the immune system must learn to distinguish between our
own (self) cells and malefic externah@nself invaders. This process is called self/nonself
discrimination: those cells recognized as self do not promote an immune response, the system
Is said to be tolerarid them, while those that are not provoke a reaction resulting in their

elimination.

Immune Network Theory

The immune network theory, as originally proposed by Jerne (1974a), hypothesized a novel
viewpoint of lymphocyte activities, natural antibody production, pre-immune repertoire
selection, tolerance and self/nonself discrimination, memory and the evolution of the immune
system. It was suggested that the immune system is composed of a regulated network of cells
and molecules that recognize one another even in the absence of antigens. The immune
system was formally defined as an enormous and complex network of paratopes that
recognize sets of idiotopes, and of idiotopes that are recognized by sets of paratopes, thus it
could recognize as well as be recognized. The relevant events in the immune system are not
only the molecules, but also their interactions. The immune cells can respond either
positively or negatively to the recognition signal (antigen or other immune cell or molecule).
A positive response would result into cell proliferation, cell activation and antibody secretion,

while a negative response would lead to tolerance and suppression (see Figure 2(a)).



Dynamics of the Immune System
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Figure 2:ldiotypic network representations. (a) An antigen stimulates the antibody
production of class a, which stimulates class b, and so on. (b) More detailed view of idiotypic

network (see text for details).

The network theory can be summarized as follows (see Figure 2(b)). When the immune
system is primed with an antigen (Ag), its epitope is recognized (with various degrees of
specificity) by a set of different paratopes, calledijme sety of idiotopes is called the
internal image of the epitope (or antigen) because it is recognized by the sagtbatet p
recognized the antigen. The sgisiassociated with a sef f paratopes occurring on the
molecules and cell receptors. Furthermore, each idiotope of thassetdognized by a set of
paratopes, so that the entire g&$ irecognized by an even larger sepfoparatopes which
occur together with a setof idiotopes on antibodies and lymphocytes of the anti-idiotypic
set. Following this scheme, we come to ever larger sets that recognize or are recognized by
previously defined sets within the network. The arrows indicate a stimulatory effect when
idiotopes are recognized by paratopes on cell receptors and a suppressive effect when
paratopes recognize idiotopes on cell receptors.

There are several immune network models presented in the literature. Most of them
are based upon a set of differential equations to describe the dynamics of the network cells
and molecules (Jerne, 1974b; Bonna & Kohler, 1983; Farmer, Packard, & Perelson, 1986;
Varela & Coutinho, 1991). The interactions, that could be either excitatory (network
activation) or inhibitory (network suppression) between different types of elements would
naturally lead to the network connectivity pattern and dynamics.

In the model proposed by Varela and Coutinho (1991), it is possible to stress three
characteristics of the immune networks: 1) its structure, that describes the types of interaction

among the network components, represented by matrices of connectivity; 2) its dynamics,



that accounts for the variation in time of the concentrations and affinities of its cells; and 3)
its metadynamics, a property related to the continuous production of novel antibodies and
death of non-stimulated or self-reactive cells. The central characteristic of the immune
network theory is the definition of the individual’s molecular identity (internal images),
which emerges from a network organization followed by the learning of the molecular
composition of the environment where the system develops.

The network approach is particularly interesting for the development of computational
tools because it potentially provides a precise account of emergent properties such as learning
and memory, self-tolerance, size control and diversity of cell populations. In general terms,
the structure of most network models can be represented as (Perelson, 1989):

influx death of reproduction of
RPV = of new cells unstimulated cells * stimulated cells @)
where RPV is the rate of population variation, and the last term includes Ab-Ab recognition
and Ag-Ab stimulation.

Clonal Selection and Affinity Maturation

Learning in the immune system involves raising the population size and affinity of those
lymphocytes that have proven themselves to be valuable by having recognized any antigen.
During the lifetime of an individual, its immune system may be exposed to a given antigen
repeatedly. The initial exposure to an antigen that stimulates an adaptive immune response is
handled by a spectrum of small clones of B cells, each producing antibody with different
affinity. The effectiveness of the immune response to secondary encounters is considerably
enhanced by storing some high affinity antibody producing cells from the first infection
(memory cells), so as to form a large initial high affinity clone for subsequent encounters
(Ada & Nossal, 1987). This is an intrinsic scheme of a reinforcement learning strategy
(Sutton & Barto, 1998), where the system is continuously improving its capability to perform
its task (recognize antigens).

Antibodies present in a memory response have, on average, higher affinities than
those of the early primary response. This phenomenon is referred to as the maturation of the
immune response. This maturation requires that the antigen-binding sites of the antibody
molecules in the matured response be structurally different from those present in the primary
response. Random changes (mutations) are introduced into the variable region and
occasionally one such change will lead to an increase in the affinity of the antibody. It is
these high-affinity variants that are selected to enter the pool of memory cells. Those cells



carrying receptors with low antigenic affinity, or the self-reactive cells, must be efficiently
eliminated (or become anergic). Instead of the expected clonal deletion of all self-reactive
cells, B lymphocytes may undergo receptor editing: these B cells had deleted their self-
reactive receptors and developed entirely new receptors. Some of the possible results of a
meeting between a lymphocyte and an antigen are summarized in Figure 3.

George and Gray (1999) suggested that point mutations are good for exploring local
regions, of an affinity landscape, while editing may rescue immune responses stuck on
unsatisfactory local optima. A rapid accumulation of mutatibgpérmutatiohis necessary
for a fast maturation of the immune response, but the majority of the changes will lead to
poorer or non-functional antibodies. If a cell that has just picked up a useful mutation
continues to be mutated at the same rate during the next immune responses, then the
accumulation of deleterious changes may cause the loss of the advantageous mutation.

The selection mechanism may provide a means by which the regulation of the
hypermutation process is made dependent on receptor affinity. Cells with low affinity
receptors may be further mutated and eliminated if their affinity to the antigens remains
small. However, in cells with high-affinity receptors, hypermutation may be gradually
inactivated (Kepler & Perelson, 1993).

High affinity cell i} é coronntve oall
- I\Anti94 - ‘ -
-0 R
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Figure 3: Antigenic interactions with lymphocytes. A minority of cells from the repertoire

will recognize the antigen, and be activated by clonal selection. In cases the affinity between
the cell receptor and the antigen is low or a self-reactive cell is detected, the lymphocyte in
guestion might suffer apoptosis (programmed cell death), anergy (“freezing”), or a receptor

editing process.



aiNet: An Artificial Immune Network Model for Data Analysis

In this section, we will present the aiNet learning algorithm focusing on its dynamics and
metadynamics. A deeper analysis and several hierarchical clustering and graph theoretical
techniques proposed to determine the final network architecture will be presented in the next
section.

In order to quantify immune recognition, it is appropriate to consider all immune
events as occurring in a shape-spgoghich is a multi-dimensional metric space where each
axis stands for a physico-chemical measure characterizing a molecular shape (Perelson &
Oster, 1979). We will assume a problem dependent setmefasurements to characterize a
molecular configuration as a posil S Hence, a point in ai-dimensional space, called
shape-space, specifies the set of features necessary to determine the antibody-antibody (Ab-
Ab) and antigen-antibody (Ag-Ab) interactions. Mathematically, this shape (set of features
that define either an antibody or an antigen) can be represented-aéaensional string, or
vector. The possible interactions within the aiNet will be represented in the form of a

connectivity graph. The proposed artificial immune network model can be formally defined:

Definition 1:The aiNet is ardge-weighted grapmot necessarily fully connected, composed
of a set of nodes, callethtibodies and sets of node pairs calledgeswith an assigned
number calledveight or connection strengthassociated with each connected edge.

The aiNet clusters will serve agernal imagegmirrors) responsible for mapping
existing clusters in the data set into network clusters. As an illustration, suppose there is a
data set composed of three regions with high density of data, according to Figure 4(a). A
hypothetical network architecture generated by the learning algorithm to be presented is
shown in Figure 4(b). The numbers within the cells indicate their labels (the total number is
generally higher than the number of clusters and much smaller than the number of samples),
the numbers next to the connections represent their strengths, and dashed lines suggest
connections to be pruned, in order to detect clusters and define the final network structure.
Notice the presence of three distinct clusters of antibodies, each of which with different
number of antibodies, connections and strengths. These clusters map those of the original
data set. Notice also that the number of antibodies in the network is much smaller than the
number of data samples, characterizing an architecture suitable for data compression. Finally,
the shape of the spatial distribution of antibodies follows the shape of the antigenic spatial

distribution.
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Figure 4: aiNet illustration. (a) Available data set with three clusters of high data density.
(b) Network of labeled cells with their connection strengths assigned to the links. The dashed
lines indicate connections to be pruned in order to generate disconnected sub-graphs, each

characterizing a different cluster in the network.

Similarly to the models of Jerne (1974b) and Farmer et al. (1986), we make no
distinction between the network cells and their surface molecules (antibodies). The Ag-Ab
and Ab-Ab interactions are quantified through proximity (or similarity) measures. The goal is
to use a distance metric to generate an antibody repertoire that constitutes the internal image
of the antigens to be recognized, and evaluate the similarity degree among the aiNet
antibodies, such that the cardinality of the repertoire can be controlled. Thus, the Ag-Ab
affinity is inversely proportional to the distance between them: the smaller the distance, the
higher the affinity, and vice-versa.

It is important to stress that, in the biological immune system, recognition occurs
through a complementary match between a given antigen and the antibody. Nevertheless, in
several artificial immune system applications (Hajela & Yoo, 1999; Hart & Ross, 1999;
Oprea, 1999), and for the purposes of this model, the generation of an antibody repertoire
with similar characteristics (instead of complementary) to the antigen set is a suitable choice.

As proposed in the original immune network theory, the existing cells will compete
for antigenic recognition and those successful will lead to the network activation and cell
proliferation (according to the clonal selection principle described in Section 3), while those
who fail will be eliminated. In addition, Ab-Ab recognition will result in network
suppression. In our model, suppression is performed by eliminating the self-recognizing
antibodies, given a suppression threstmldEvery pairAgi-Ab; j = 1,...M, i = 1,...N, will
relate to each other within the shape-sgateough the affinityd;; of their interactions,
which reflects the probability of starting a clonal response. Similarly, an af§ipiwyll be
assigned to each pab-Ab;, i,j = 1,...N, reflecting their interactions (similarity).



The following notation will be adopted:

Ab: available antibody repertoiraly 0 S™", Ab = Ab;q; O Abym);

Ab(n: total memory antibody repertoir@lf;m; O S™, m<N);

Ab;q: d new antibodies to be insertedAb (Ab;q O S™);

Ag: population of antigensAg O S™);

fi: vector containing the affinity of all the antibodigls; (i = 1,..N) with relation to
antigenAg;. The affinity is inversely proportional to the Ag-Ab distance;

S: similarity matrix between each paib;-Ab;, with elements; (i,j = 1,...N);

C: population ofN, clones generated frofb (C O S™*);

C*: populationC after the affinity maturation process;

d;: vector containing the affinity between every element from th€’safith Ag;;
(: percentage of the mature antibodies to be selected;

M;: memory clone for antigefig; (remaining from the process of clonal suppression);
M;": resultant clonal memory for antigév;

0g4. natural death threshold; and

Os suppression threshold.

The aiNet learning algorithm aims at building a memory set that recognizes and

represents the data structural organization. The more specific the antibodies, the less

parsimonious the network (low compression rate), whilst the more generalist the antibodies,

the more parsimonious the network with relation to the number of antibodies (improved

compression rate). The suppression threstm)dcontrols the specificity level of the

antibodies, the clustering accuracy and network plasticity. In order to provide the user with

important hints on how to set up the aiNet parameters, a sensitivity analysis of the algorithm

with relation to the most critical user-defined parameters will be presented in Section 7.

The aiNet learning algorithm can be described as follows:

1. Ateach iteration, do:

1.1. For each antigenic patteAy;, j = 1,...M, (Ag; U Ag), do:
1.1.1. Determine its affinityf;;, i = 1,...N, to allAb;. fi; = 1D;;,i = 1,...N:

D, =IlAb - Ag, ||, i=1...,N .

1.1.2. A subsetAb;, composed of tha highest affinity antibodies is selected,
1.1.3. The n selected antibodies are going to proliferate (clone) proportionally to
their antigenic affinityf;, generating a s& of clones: the higher the affinity,

10



the larger the clone size for each of theelected antibodies (see Equation
()

1.1.4. The setC is submitted to a directed affinity maturation process (guided
mutation) generating a mutated €2t where each antibody from C* will
suffer a mutation with a ratg, inversely proportional to the antigenic affinity

fij of its parent antibody: the higher the affinity, the smaller the mutation rate:

C* = Cc+ay (Ag —Cy); ok O 1 k=1,...,Ng; i = 1,...,N. (3)
1.1.5. Determine the affinityl; = 1/D,; amongAg; and all the elements af*:

D.; =lIC, —Ag, II, k=1,....N,. (4)
1.1.6. From C*, re-select{% of the antibodies with highedi; and put them into a

matrix M; of clonal memory;

1.1.7. Apoptosiseliminate all the memory clones fravhy, whose affinityDy j > oy

1.1.8. Determine the affinitys x among the memory clones:
S,k :”M i -M ik ”’Di'k- (5)

1.1.9. Clonal suppressiareliminate those memory clones whase< o
1.1.10.Concatenate the total antibody memory matrix with the resultant clonal
memoryM;" for Agj: Abgm « [AbimM;];
1.2. Determine the affinity among all the memory antibodies fAdof;:
s« =l Abf,, — Ab’, Il Oi k. (6)
1.3. Network suppressioreliminate all the antibodies such tsat< os:
1.4.Build the total antibody matriRb — [Abny;Abq]
2. Test the stopping criterion.

To determine the total clone sikie generated for each of tikantigens, the

following equation was employed:

N, = iround(N -D,,.N) ()

whereN is the total amount of antibodiesA, round)Jis the operator that rounds the value
in parenthesis towards its closest integer Bjjds the distance between the selected antibody
i and the given antigefg;, given by Equation (2).

In the above algorithm, Steps 1.1.1 to 1.1.7 describe the clonal selection and affinity

maturation processes as proposed by de Castro and Von Zuben (2000a) in their
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computational implementation of the clonal selection principle. Steps 1.1.8 to 1.3 simulate
the immune network activity.

As can be seen by the aiNet learning algorithm, a clonal immune response is elicited
to each presented antigenic pattern. Notice also, the existence of two suppressive steps in this
algorithm (1.1.9 and 1.3), that we cdlbnal suppressioandnetwork suppression
respectively. As far as a different clone is generated to each antigenic pattern presented, a
clonal suppression is necessary to eliminate intra-clonal self-recognizing antibodies, while a
network suppression is required to search for similarities between different sets of clones.
After the learning phase, the network antibodies represent internal images of the antigens (or
groups of antigens) presented to it.

The network outputs can be taken to be the matrix of memory antibodies’ co-ordinates
(Ab¢ry) and their matrix of affinity$). While matrixAby; represents the network internal
images of the antigens presented to the aiNet, nfaisxesponsible for determining which
network antibodies are connected to each other, describing the general network structure.

To evaluate the aiNet convergence, several alternative criteria can be proposed:

1. Stop the iterative process after a pre-defined number of iteration steps;

2. Stop the iterative process when the network reaches a pre-defined number of antibodies;

3. Evaluate the average error between all the antigens and the network memory antibodies
(Ab¢my) by calculating the distance from each network antibody to each antigen (this
strategy will be useful for less parsimonious solutions), and stop the iterative process if
this average error is larger than a pre-specified threshold; and

4. The network is supposed to have converged if its average error risdscaitsecutive

iterations.

aiNet Characterization and Analysis

The aiNet model can be classified aanectionistcompetitiveand constructive
network where the antibodierrespond to the network nodes and the antibody
concentration and affinity are their states. The learning mechanisms are responsible for the
changes in antibody concentration and affinity. The connections among antitggglies (
corresponds to the physical mechanisms that measure their affinity, quantifying the immune
network recognition. The aiNet graph representadiescribes its architecture, with the
definition of the final number and spatial distribution of clusters. The dynamics governs the

plasticity of the aiNet, while the metadynamics is responsible for a broader exploration of the

12



search-space and maintenance of diversity. The aiNet can also be classified as competitive,
once its antibodies compete with each other for antigenic recognition and, consequently,
survival. Antigenic competition is evident in Steps 1.1.2 and 1.1.6, while the competition for
survival is performed in Step 1.1.7. Finally, the aiNet is plastic in nature, in the sense that its
architecture, including number and shape of cells, is adaptable according to the problem.

The aiNet general structure is different from neural network models (Haykin, 1999) if
one considers the function of the nodes and their connections. In the aiNet case, the nodes
work as internal images of ensembles of patterns (thus representing the acquired knowledge),
and the connection strengths describe the similarities among these ensembles. On the other
hand, in the neural network case, the nodes are processing elements while the connection
strengths may represent the knowledge.

As discussed by de Castro and Von Zuben (2000a), the immune clonal selection
pattern of antigenic response can be seen as a microcosm of Darwinian evolution. The
processes of simulated evolution (Holland, 1998) try to mimic some aspects of the original
theory of evolution. Regarding the aiNet learning algorithm, it is possible to notice several
features in common with simulated evolution (evolutionary algorithms). First, the aiNet is
population based: an initial set of candidate solutions (antibodies) properly coded, is available
at the beginning of the learning process. Second, a function to evaluate these candidate
solutions has to be defined: an affinity measure as given by Equations (2) and (3). Third, the
genetic encoding of the generated offspring (clones) is altered through a hypermutation
mechanism. At last, several parameters have to be defined, like the number of highest affinity

antibodies to be selected, and the natural death and suppression thresholds.

Related Immune Network Models

The proposed artificial immune network model also follows the general immune
network structure presented in Equation (1), i.e. the rate of population variation is
proportional to the sum of the network novel antibodies (Step 1.4), minus the death of
unstimulated antibodies (Step 1.1.7), plus the reproduction of stimulated antibodies (Step
1.1.3). As a complement, we suppress self-recognizing antibodies (Steps 1.1.9 and 1.3).
Nevertheless, the essence of the aiNet model is different from the existing ones in two
respects. First, and most important, it is a discrete (iterative) instead of continuous model.
Second, our network model may not be directly reproducing any biological immune
phenomenon. The goal is to use the immune network paradigm, together with the clonal
selection behavior of antigenic responses, as inspiration to develop an adaptive system
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capable of solving complex information processing tasks, like data compression, pattern
recognition, classification and clustering. Artificial immune networks (Dasgupta, 1999; de
Castro & Von Zuben, 1999a) are problem dependent, in the sense that they are built
according to the antigen set (problem).

Hunt and Cooke (1996) proposed an artificial immune system (AIS) model, based
upon the immune network theory, to perform machine learning. The key features they tried to
explore were a mechanism to construct the antibodies, a content addressable memory, the
immune recognition (matching) mechanism and its self-organizing properties. Like in the
aiNet case, they did not intend to provide a deep association between their proposed model
and the vertebrate immune system. Instead, useful features were explored for the
development of problem solving tools. Their model was based on the following elements
with their respective roles and characteristics:

1. a bone marrow: generates antibodies, decides where in the network to insert the
antigen, decides which B cell dies and triggers the addition of cells to the network;

2. B cells: carry the genetic information to build antibodies (and the antibodies
themselves) along with their stimulation level,

3. antibodies: possess the paratope pattern;

4. antigen: possesses a single epitope; and

5. stimulation level: evaluates the strength of the Ag-Ab match and the affinity between
different B cells.

Table 1 compares aiNet with the AIS model of Hunt and Cooke (1996).

Table 1: Trade-off between aiNet and the network model of Hunt and Cooke (1996).

aiNet Hunt & Cooke
Nodes Antibodies B cells
Coding Real-valued vectors Binary strings
Network Random with small influence in the| Critical for the processing
initialization final network (see Section 7) time
Antigenic To all the network To a randomly chosen part of
presentation the network
Affinities Euclidean distance Proportional to the numben of
matching bits
Cell death Suppressing antibodies with low | Suppressing B cell with low
antigenic and high antibody affinitiesstimulation levels
Hipermutation | Controls learning Promotes diversity

14



Timmis (2000) uncovered many problems of the model proposed by Hunt and Cooke
(1996) and proposed a completely new domain independent algorithm with few parameters.
His AIN (artificial immune network) is initialized as a network of B cell objects composed of
a cross section of the data set to be learnt, while the remainder makes up the training data set
(antigens). Each member of the antigen set is matched against each B cell in the AIN, with
the similarity being determined by the Euclidean distance. B cells are stimulated by this
matching and other connected B cells in the network. The stimulation level of a B cell
determines its survival, as 5% of the weakest cells are removed at each iteration. In addition,
the stimulation level indicates whether the B cell is going to be cloned. Table 2 presents the

main differences between the aiNet and the AIN model of Timmis (2000).

Table 2: Main differences between aiNet and the AIN of Timmis (2000).

aiNet Timmis
Nodes Antibodies B cells
Network Random with small influence in the| Cross section of the antigen self
initialization final network (see Section 7) (training data set)
Cell death Suppressing antibodies with low | Suppressing B cell with low
antigenic and high antibody affinitiesstimulation levels
Hipermutation | Controls learning Promotes diversity
Network Defined by a hierarchical clustering| B cells with high affinities among
connectivity or graph theoretical strategy each other (given a certain

threshold) are linked to areas of
the network with closest affinity

Analysis of the Algorithm

Analysis of an algorithm refers to the process of deriving estimates for the time and
space needed during execution. Complexity of an algorigfens to the amount of time and
space required during execution (Johnsonbaugh, 1997). Determining the performance
parameters of a computer program is a difficult task and depends on a number of factors such
as the computer being used, the way the data are represented, how and with which
programming language the code is implemented. The time needed to execute an algorithm is
also a function of the input. Instead of dealing directly with the input, we use parameters that
characterize its size, like the numbike) ¢f variables of each input vector and the amohmt (
of samples (patterns) available. In addition, the total number of networiNcéie number

of cell cloned\., and the network final numbeamn) of memory cells will be necessary to
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evaluate its complexity. The most computational intensive step of the aiNet learning
algorithm is the determination of the affinity between all the network antibodies (Step 1.2).
The computation time required to compare all the elements of a matrix of s£&(n7).

Due to the asymptotic nature of the computational complexity, the total cost of the algorithm
is taken to b@©(n7). It is important to notice thah may vary along the learning iterations,

such that at each generation the algorithm has a different computational cost.

Knowledge Extraction and Structure of a Trained aiNet

The aiNet memory antibodiésh; represent internal images of the antigens to
which it is subject. This feature demands a representation in the same shape-space for the
network of antibodies and for the antigens. Hence, visualizing the network for antigens (and
antibodies) with. > 3 becomes a difficult task. In order to alleviate this difficulty, we suggest
the use of several hierarchical clustering techniques to interpret the generated network. These
techniques will help us to define the aiNet structure.

The aiNet structure could simply be determined by fully connecting all the network
cells according to matri®, but it would make the network interpretation and knowledge
extraction unfeasible processes. One way of simply reducing the complexity of a fully
connected network of cells is to suppress all those connections whose strength extrapolates a
pre-defined threshold. This idea though simple, does not account for any information within
the network antibodies (indirectly in the data set) and might lead to erroneous interpretations
of the resultant network. It is the main purpose here, to supply the user with formal and
robust network interpretation strategies with high confidence levels. Explicitly speaking, the
goals are to determine (1) the numbeclokters or classes (whenever a cluster corresponds
to a class), (2) the spatial distribution of each cluster, and (3) the network antibodies
belonging to each of the identified clusters. To do so, the network output is used, which is
composed of the numbarof memory antibodies, the matib; of memory antibodies,
and the upper triangular mati$«of distances among these memory antibodies, along with
some principles from cluster analysis. The problem is stated as follows.

Given a network with m memory antibod{estrix Ab;;), each of which being a

vector of dimension (Ab(y O O™*

) and their interconnection@natrix S), devise a
clustering scheme to detect inherent separations between s(dbsstisrg of Abyyy in a

metric space governed by a distance meas(xg)d
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The algorithms to be presented here are well known from the statistical literature, but
will be adapted and interpreted to the immune network paradigm. Under this perspective, the
aiNet becomes responsible for extracting knowledge from the data set, while hierarchical
cluster analysis techniques will be used to detect clusters in the resultant network, i.e. to
interpret the aiNet. The network can be seen as a pre-processing for the cluster analysis

technique, being a powerful tool to filter out redundant data from a given data set.

Hierarchical Clustering and Graph Theoretical Techniques

To illustrate the methods that will be used and the ones to be proposed, consider one
of the simplest problems of data clustering presented in Figure 5(a). There are 50 samples
subdivided into 5 clusters (non-overlapping classes) of 10 samples each. Figure 5(b) depicts
the automatically generated network cells, considering the following aiNet training
parametersn = 4,{ = 0.2,04 = 1.0,05 = 0.14 andd = 10. The stopping criterion is a fixed
number of generationdlgen = 10. The resulting network contains only 10 cells, reducing the
problem to 20% of its original complexity (size), corresponding to a compression rate
CR=80%.

Hierarchical techniques may be subdivided into agglomerative methods, which
proceed by a series of successive fusions afntbatities (antibodies) into groups, and
divisive methods, which partition the setroentities (antibodies) successively into finer
partitions. The results of both agglomerative and divisive techniques may be represented in
the form of a dendrogram, which is a two-dimensional diagram illustrating the fusions or

partitions which have been made at each successive level (Everitt, 1993).

r=y

+ ¥ o |:|I 009
_ EED oo L 03
8
L *.'. i ° (o)
6
v
v v “1
v v%v v o2
o
o ° 4
x . ° 5 o
x i X x © © 10
"”. &
(@) (b)

Figure 5: aiNet illustration. (a) Learning data. (b) Resulting network antibodies.
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In this work, we will focus on the agglomerative methods, more specifically the
nearest neighbor (or single link) method, and the centroid cluster analysis. As the aiNet may
be seen as an interconnected graph of antibodies, it will be explored some graph-theoretical
strategies for detecting and describing clusters, in particular the minimal spanning tree, MST.

The aiNet outputs ame, the matrixS of dimensiorS™™~ 2 and matrixAb; of
dimensionS™*. Hence, the application of hierarchical methods for the construction of a
dendrogram, like the nearest and furthest neighbor and centroid, is straightforward.

FromS and the methods listed above, we wish to construct a tree, or a nested set of
clustering of the objects, in order to provide a striking visual display of similarity groupings

of the network cells.

Definition 2: A dendrograms defined as a rooted weighted tree where all terminal nodes
are at the same distance (path length) from the root (Lapointe & Legendre, 1991).

We will not get into details on how to construct a dendrogram from a similarity
matrix, the interested reader shall refer to Hartigan (1967) and Hubert, Arabie, and Meulman
(1998). For the purposes of this chapter, three characteristics can adequately describe a
dendrogram: its topology, labels and cluster heights (Lapointe & Legendre, 1995). Figure 6
illustrates the dendrogram representation for the centroid cluster strategy and the aiNet
antibodies depicted in Figure 5(b). Notice the topology, cell labels, and cluster heights,
representing the Ab-Ab affinities.

Virtually all clustering procedures provide little if any information as to the number of
clusters present in data. Nonhierarchical procedures usually require the user to specify this
parameter before any clustering is accomplished (the reason why we chose to use hierarchical
methods instead of nonhierarchical ones) and hierarchical methods routinely produce a series
of solutions ranging frorm clusters to a solution with only one cluster present. As can be
seen from Figure 6, the dendrogram can be broken at different levels to yield different
clusterings of the network antibodies. In this case, the large variations in heights allow us to
distinguish 5 clusters among the network antibodies, in accordance with the network depicted
in Figure 5(b). This procedure is callsi@psizeand involves examining the differences in
fusion valuedetween hierarchy levels. A broad review of several different methods for
determining the number of clusters in a set of objects can be found in Milligan and Cooper
(1985).
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Figure 6: Dendrogram of the aiNet antibodies for the centroid method depicting large

differences in the fusion value® (with relation to®@).

Keeping track of the nearest neighbor hierarchical clustering technique, we can find
theminimal spanning treé@MST) of a graph to be a powerful mechanism to search for a
locally adaptive interconnecting strategy for the network cells (Zahn, 1971). The MST will

serve as another aid to detect and describe the structure of the aiNet clusters.

Definition 3: A tree is aspanning treef a graph if it is a sub-graph containing all the
vertices of the graph. Ainimal spanning treef a graph is a spanning tree with
minimum weight. The weight of a tree is defined as the sum of the weights of its

constituent edges (Leclerc, 1995).

Figure 7(a) depicts the minimal spanning tree (MST) for the constructed network. The
visualization of this tree is only feasible fok 3. By using the algorithm known as Prim’s
algorithm (Prim, 1957) to build the MST, we can draw a bar graph (see Figure 7(b))
representing the distances between neighboring cells.

Definition 4: A minimax paths the path between a pair of nodes that minimizes, over all

paths, the cost, which is the maximum weight of the path (Carroll, 1995).

This definition is important in the aiNet context, once the preference for minimax
paths in the MST forces it to connect two nodasdj belonging to a tight cluster without
straying outside the cluster. If the MST of a gr&pls unique, then the set of minimax links
of G defines this MST, else it defines the union of all MST&of
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Minimal Spanning Tree MST Histogram

(a) (b)

Figure 7: The minimal spanning tree and its histogram. (a) Edges to be removed (dashed

lines) based upon tHactor criteria,r = 2. (b) Number of clusters (Peaks + 1, or Valleys) for
this MST.

Up to here, notice that the MST is used to define the number of network clusters,
which will be equal to the number of higher peaks in the bar graph of Figure 7(b) plus one,
indicating large variations in the minimax distances between cells. When the aiNet learning
algorithm generates more than one antibody for each cluster (which is the case for this
particular run), the number of clusters can also be measured as the number of valleys of the
respective histogram. On the other hand, the dendrograms allow us not only to define the
number of clusters but also to identify the elements (nodes or antibodies) belonging to each
cluster. In order to automatically define the number and nodes composing each cluster of an
MST, we can use some of the techniques proposed by Zahn (1971).

It is quite helpful that the MST does not break up the real clustéis iy, but at the
same time neither does it force breaks where real gaps exist in the geometry of the network.
A spanning tree is forced by its nature to span all the nodes in a network, but at least the MST
jumps across the smaller gaps first.

There is the problem of deleting edges from an MST so that the resulting connected
subtrees correspond to the observable clusters. In the example of Figure 7(a), we need an
algorithm that can detect the appropriateness of deleting the edges 1-6, 1-8, 2-7 and 2-5. The
following criterion is used.

An MSTedge(i,k) whose weight;gis significantly larger than the average of nearby
edge weights on both sides of the efig¢ should be deletedhis edge is called

inconsistent
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There are two natural ways to measure the significance referred to. One is to see how
many sample standard deviations sepagatitom the average edge weights on each side.
The other is to calculate tlfigctor or ratio (r) betweers x and the respective averages.

To illustrate this criterion, let us assume that all edges wdpgegreater than the
average of nearby edges plus two standard deviations will be deleted, i.e., afazisr
chosen. Edges 1-6, 1-8, 2-7 and 2-5 will be selected for deletion (dashed lines in Figure 7(a)).

After determining the edges to be deleted, we can determine the nymnbker (
existing clustersq, i = 1,...p) in the aiNet and their respective components (antibodies). In
this case¢; = [6,3],¢, =[8,9],¢3 = [1,2], ¢4 = [5,10] andcs = [4,7].

The discussed criterion would fail to determine the correct number of network clusters
in cases the network reaches its minimal size for the given data set and the clusters are
approximately uniformly distributed over the search space. As an example, for the proposed
problem (Figure 5(a)), suppose a minimal network with four cells was found. This would
result in the detection of a single cluster by the MST factor criterion. On the other hand, all
the remaining network antibodies could be seen as internal images of the data clusters,
implying that its number is equal to the number of antibodies, each of which representing a
single cluster.

As one last aspect of clustering to be discussed, consider the problem of cluster
representation. Assume that each cluster can be uniquely representezkbhbieit®f mass
(vi, k=1,...p), orcentroid and the distance between clusters defined as the distance between
the cluster centroids. Figure 8 depicts the resultant network antibodies defined by the aiNet
learning algorithm and the network determined by the MST clustering algorithm described
above for = 2. The stars represent the centroids of each cluster. The use of the centroid to
represent a cluster works well when the clusters are compact or isotropic. However, when the
clusters are elongated or non-isotropic, this scheme fails to represent them properly, as will
be discussed in the case of two examples presented in Section 6. Representing clusters by
their centroids allow us to assign membership levels to each aiNet antibody with relation to

the determined clusters, yieldinduzzy clusteringcheme.
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Final aiNet Structure

Figure 8: The resultant network is composed of five separate sub-graphs (sub-networks), each

corresponding to a different cluster. The stars represent the centroids of each cluster.

aiNet Fuzzy Clustering

The presented clustering approaches generate partitions. In a partition, each cell
belongs to one and only one cluster. Thus, the clusters in this hard clustering scheme are
disjoint. Fuzzy clustering extends this notion to associate each cell (antibody) with every
cluster using a membership function (Bezdek & Pal, 1992). The most well known fuzzy
clustering techniques are thezzy k-meanand thefuzzy c-meanalgorithms that iteratively
update the cluster centers according to an actual proximity midjruntil a small variation
in U is achieved. A brief exposition of fuzzy partition spaces is given by Bezdek and Pal
(1992):

Let M be an integer, 1 €<M, and letX = {X1, Xz,... Xm} denote a set o/
unlabeled feature vectorslift. GivenX, we say thap fuzzy subsetsy: X —[0,1]}
are a fuzzyp-partition of X in case thepgM) values { x = Ui(xx), 1< k< M,

1<i < p} satisfy three conditions:

O<sux<1l for alli, k; (8a)
Sux=1 for allk; (8b)
0<Zux<l for alli. (8c)

Each set ofgM) values satisfying conditions (8a-c) can be arrayed ps\)(
matrix U = [u;]. The set of all such matrices is the nondegenerate fuzzy c-partitions
of X.
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After the number and members of each (hard) cluster are defined, and the network
clusters are represented by their centers of mass, it is possible to apply a fuzzy clustering
concept to the aiNet, where each antibody will have a measurable membership value to each
of the determined clusters (centroids). In the aiNet context, the fuzzy clustering relaxes the
membership of the network antibodies to the cluster cetderdy; ], which in this case can
assume any value over the [0,1] interval. Conditions (8b) and (8c) are also relaxed, so that the
sum of memberships is not required to be one.

Matrix U for the aiNet can be determined by calculating the distance between all the

network memory antibodieAb}m} i =1,...m, and the centroids of the clustexsk = 1,...p,

U*, normalizing its rows over the [0,1] interval and then passing it through a squashing
function, such that the smaller the distance between the aiNet antibodies and their respective
centroids, the closer its membership value to unity. This can be achieved by applying a
sigmoidal function tdJ = 1.J*, where the ./ operator means that each value dfl thetrix
will be determined by dividing one by the respective elemebltof

The proximity matrixU assigning the membership of each network antibody to the
determined centroids is presented in Table 2. From this table it is possible to see tbat cells
andc; belong to clustev; with mebership 1.0, to cluster with membership 0.58 and 0.63

(uz1 anduy ), respectively, and so on.

Table 3: Membership values for each cell = 1,...,10, with relation to each cluster centroid
vi,j=1,..5.

C1 C2 Cs3 Cs4 Cs Ce C7 Cs Co C10
Vi 1.00| 1.00{ 0.67 0.71 0.76 0.9 0.84 0. /5 0/71 0.66
Vo 0.58| 0.63| 0.50 1.00 0.68 0.50 1.00 0.0 0J56 0.64
V3 0.67| 0.50, 0.63 056 05p 058 0.%7 1.00 1/00 0.50
Vs 0.50| 0.55| 054 0.62 100 0.57 0.64 0.0 0J50 1.00
Vs 0.60| 0.50f 1.00 050 0.5p 1.00 0.%0 0.p0 056 0.64

Empirical Results

In order to evaluate the performance of the aiNet, three benchmark problems were
considered: SPIR, CHAINLINK, 5-NLSC, according to Figure 9. Note that, though the
samples are labeled in the picture they are unlabeled for the aiNet. Each task has its own

particularity and will serve to evaluate several network features, among which we can stress
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cluster partition and representation, and its potential to reduce data redundancy. Table 1
presents the aiNet training parameters for all problems. The stopping criterion was a
maximum number of generatioNgen

In the three cases, the aiNet performance was compared to that of the Kohonen (1982)
self-organizing map (SOM), which is also an unsupervised technique broadly used in
clustering tasks. The SOM was implemented with a 0.9 geometrical decreasing learning rate
(at each five iterations) with an initial valag = 0.9 and final value; = 10° as the stopping
criterion. The weights were initialized using a uniform distribution over the interval
[-0.1,0.1]. The output grid is uni-dimensional with a variable output number of neurons
according to the problem under evaluation. At the end of the SOM learning phase, all those

output neurons that do not classify any input datum will be pruned from the network.

SPIR CHAINLINK

L
a+* e,

o o
©000000°

(@) (b)

(©)
Figure 9: Test problems for the aiNet, whités the number of samples. (a) SPMR= 190.
(b) CHAINLINK, M = 1000. (c) 5-NLSCM = 200.
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Table 4: Training parameters for the aiNet learning algorithm.

Os | 0g| N | d | {(%)]| Ngen
SPIR 0.07 10 | 40
CHAINLINK |0.15/1.0| 4 | 10| 10| 40
5-NLSC 0.20 20 | 10

Two-Spirals Problem: SPIR

Minimal Spanning Tree Number of Clusters (Valleys)

@ (b)

aiNet Dendrogram

Final aiNet Structure

(d)

Figure 10: aiNet applied to the 2-spirals problem. (a) Minimal spanning tree, in which the
dashed line represents the connection to be pruned. (b) MST histogram indicating two
clusters. (c) aiNet dendrogram. (d) Final network structure, determining the spatial

distribution of the 2 clusters.
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The first problem was the so-called 2-spirals problem, illustrated in Figure 9(a). This
training set is composed of 190 sampleS§/fnThis task aims at testing the aiNet capability
to detect non-linearly separable clusters.

Figures 10(a) and (b) depict the MST and its corresponding histogram. From the
histogram we can detect the existence of two different clusters in the network, which are
automatically obtained using a factor 2. In this case, the resultant memory matrix was
composed o = 121 antibodies, corresponding t€R = 36.32% reduction in the sample
set size. Note that the compression was superior in regions where the amount of redundancy
is larger, i.e., the centers of the spirals (see Figure 9(a)). The network dendrogram also allows
us to detect two large clusters of data, as differentiated by the solid and dashed parts of Figure
10(c).

Figures 11(a) and (b) present the results for the SOM with an initial number of 50
output neurons; a single output neuron was pruned after leammng®). The network final
configuration and the resultant U-matrix (Ultsch, 1995) indicates the way the neurons were
distributed, and according to their neighborhood the SOM would not be able to appropriately

solve this problem, since nothing can be inferred from the U-matrix plot.

SOM Configuration U-Matrix

(a) (b)

Figure 11: Results obtained by the application of the SOM to the SPIR problem. (a) Final

network configuration and weight neighborhoots 49. (b) U-matrix.
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The ChainLink Problem: CHAINLINK

1000 data points in tHe*-space were arranged such that they form the shape of two
intertwined 3-D rings, of whom one is extended alongxtgelirection and the other one
along thex-z direction. The two rings can be thought of as two links of a chain with each one
consisting of 500 data points. The data is provided by a random number generator whose
values are inside two toroids with radius R = 1.0 and r = 0.1 (see Figure 9(b)).

Statistical analysis of the data set shows that it has the following properties: the
different components(fy,z) of the data are uncorrelated (using Pearson’s correlation
coefficient) and the distribution of each component may be regarded as normal. Principal
Component Analysis shows that there is no lower inherent dimensionality in the data. There
exists however no (hyper-)plane that can separate the data set correctly into the two subsets,
i.e., the data set is non-linearly separable. From the way the data set is created one can clearly
state, however, that it consists of two distinguished subsets. The innersubset distance of a
data point is by an order of magnitude smaller than the intersubset distance (Ultsch, 1995).

Figures 12(a) and (b) depict the MST and its corresponding histogram when the aiNet
is applied to the CHAINLINK problem. From the histogram we can detect the existence of
two different clusters in the network, which are automatically obtained using arfacgr

Note that, in this case, the evaluation of the fusion vaktepgizgof the network
dendrogram (Figure 12(c)) represents a difficult task, and may lead to an incorrect clustering.
The compression rate of this problem was at the ordéRaf 94.5% (nh = 55).

Figures 13(a) and (b) depict the final SOM configuration taking into account the
neurons’ neighborhood and the U-matrix, respectivelynmfer46 output neurons (4 output
neurons were pruned after learning, since they represent no input datum). In this case, note
that the U-matrix is composed of 5 valleys, indicating 5 different clusters, what is not in
accordance with the correct number of clusters. Notice either, from Figure 13(a), that the 5
clusters can be obtained by drawing 5 hyperplanes cutting each of the rings in its respective
parts.
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__MST Histogram

Minimal Spanning Tree

(b)

aiNet Dendrogram

1.4

Final aiNet Structure
121

() (d)
Figure 12: aiNet application to the CHAINLINK problem. (a) Minimal spanning tree with the

dashed connection to be pruned. (b) MST histogram indicating the presence of two well

separated clusters. (c) aiNet dendrogram. (d) Final network architecture.

U-Matrix

VAN

SOM Configuration

(b)
Figure 13: Uni-dimensional SOM applied to the CHAINLINK problem. (a) Final network

configuration and weight neighborhood. (b) U-matrix.
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Five Non-Linearly Separable Classes: 5-NLSC

As a last example, consider the problem illustrated in Figure 9(c). This example is
particularly interesting, because the distinction among all the classes is not clear, even for a
human observer. Note that, as in the previous examples, though the samples are labeled in the
picture, they are unlabeled for the aiNet. This example has already been used by de Castro &
Von Zuben (1999b) to evaluate the performance of a pruning method for the Kohonen SOM,
named PSOM.

Figures 14(a) and (b) depict the MST and its corresponding histogram, respectively.
The aiNet presented a compression GiRe= 96%, with a final memory siza = 8.

MST Histogram

Minimal Spanning Tree

(a) (b)
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Figure 14: aiNet applied to the 5-NLSC problem. (a) MST and its corresponding histogram
(b). (c) Network dendrogram. (d) Final network structure with the centroids depicted, and the

Voronoi diagram with relation to the centers of the clusters.
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As discussed previously, when the final number of network antibodies is close to its
minimal size (h= 5 in this case), the MST method might not be able to produce an accurate
cluster separation and the network dendrogram might serve as an alternative. This is clear in
this example, where by looking at Figures 14(a) and (b) we can not conclude anything about
the final number of network clusters. In this case, the aiNet dendrogram (Figure 14(c)) served
the purpose of correctly determining the number and members of each cluster. Figure 14(d)
presents the final network configuration, the centroids of the clusters and the Voronoi
diagram plotted with relation to the centroids of the clusters.

Table 5 shows the membership values for each networkcgel(1,...,8) with
relation to the five clusters;(i = 1,...,5), and Figure 15 depicts the Voronoi diagram of
Figure 14(d) together with the data set of Figure 9(c).

Table 5: Membership values for each cgll = 1,...,8, with relation to each cluster centroid

vi,j =1,..,5.

C1 C C3 Cy Cs Cs C7 Cs
V1 1.00| 0.50, 1.00 050 050 0.86 1.00 0.B3
Vo 0.80| 0.50| 1.00 050 050 1.00 0.97 1.00
V3 0.65| 0.50| 055 0.50 1.00 0.89 0.94 0.b0O
Va 0.71| 0.50| 1.00 1.00 050 050 0.%9 0.2
Vs 0.50| 1.00f 0.50 0.50 050 0.3 0.50 0.80
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Figure 15: Decision surface (Voronoi diagram), taken from Figure 14(d), for the data set of

Figure 9(c).
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SOM Configuration U-Matrix

@ (b)

Network Configuration U-Matrix
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Figure 16: Results of the SOM to the 5-NLSC problem. (a) Network configuration and
neighborhoodm = 8. (b) U-matrixm = 8. (c¢) Network configuration and neighborhood,

m = 20. (d) U-matrixm = 20.

We used a SOM to solve the 5-NLSC problem with the same parameters as used in all
the other examples. The number of output units was chosenme I8 andm = 20, and the
results are presented in Figure 16. Note that, from the U-matrix, we can not infer anything

about the number of clusters in the resultant SOM.

Sensitivity Analysis

To apply the aiNet to any problem, a number of parameters have to be defined by the
user, as can be seen from Table 3. In this section, we intend to discuss and analyze how
sensitive the aiNet is to some of these user-defined parameters. In particular, it will be studied
the influence of the parameters og4, N and( in the convergence speed, final network size

and recognition accuracy.
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Figure 17 shows the trade-off between the suppression thresfentd the final
numberN of output cells in the aiNet for the SPIR and CHAINLINK problems. As discussed
previously,as controls the final network size and is responsible for the network plasticity.
Larger values foos indicate more generalist antibodies, while smaller values result in highly
specific antibodies. This parameter is critical, because the choice of a high valyenfght
yield a misleading clustering. For the problems tested, the limiting valuestfoat lead to
correct results ares = 0.08,05 = 0.2 andos = 0.2, respectively. Higher values resulted in
wrong clustering for some trials.

The pruning threshold) is responsible for eliminating antibodies with low
antigenic affinity. Without loss of generality, if we consider the illustrative problem presented
in Section 5, we can evaluate the relevance of this parameter for the aiNet learning. Table 5
shows the amount of antibodies pruned from the network at the first generation. The results
presented were taken from 10 different runs. In all runs, this parameter pruned network
antibodies only at the first generation, and in the following generations no antibody was
pruned byoy. This can be explained by the fact that the initial population of antibodies is
randomly generated, but after the first generation, some of these antibodies were already
selected, reproduced and maturated to recognize the antigens (input patterns). Hence, we can
conclude that the selection pressure and learning imposed by the algorithm are strong enough
to properly guide the initial network towards a reasonable representation of the antigens in a
single generation.

190} SPIR CHAINLINK
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120f 100f

1101 50

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.02 0.04 0.06 008 0.1 0.12 0.14 0.16 0.18 0.2
O, o

(a) (b)
Figure 17: Trade-off between the final number of output uNfs(id the suppression
threshold ¢s). The results are the maximum, minimum, mean and standard deviation taken

over 10 runs.
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Table 6: Number of antibodies prunédipf from the aiNet, at the first generation, for

problem 5-LSC along ten runs.

Run 1 2 3 4 5 6 7 8 9 10| Averag
Np 74 87 73 60 81 54 55 58 62 7168.1+11.7

(¢

It is known that immune recognition is performed by a complementary Ag-Ab match.
On the other hand, if we suppose that the aiNet main goal is to reproduce (build internal
images of) the antigens to be recognized, instead of creating complementary antibodies, it is
possible to define as the stopping criterion an average distance between the aiNet antibodies
and the antigens and try to minimize this distance. In Steps 1.1.2 and 1.1.6 we minimize the
Ag-Ab distance in order to maximize their affinity.

To properly study the aiNet sensitivity with relation to parametersd, it was
chosen a value for the suppression threshold that would lead to a final network with
approximately 50 antibodies. Based on this idea, one can test the aiNet potential to
appropriately learn the antigens by simply defining as the stopping crit€&@pa mall
value for the Ag-Ab average distance ?l@or example).

While evaluating the aiNet sensitivity tp the following parameters were chosen:
0s=0.01,04=1.0,n=1..10 = 10% and5C= 102 Figure 18(a) depicts the trade-off
betweem andN (final network size), and Figure 18(b) illustrates the trade-off betweerl
the final number of generations for convergence. Note that the tarther larger the network
sizeN, indicating thah has a direct influence on the network plasticity (see Figure 18(a)). On
the other hand, from Figure 18(b) we can conclude that the larger smaller the number
of generations required for convergence (learning). The results presented are the maximum,
minimum and mean taken over 10 runs.

Finally, to study the aiNet sensitivity o we chose the parameters= 0.01,
0¢ = 1.0,n= 4, andSC= 10% Z was varied from 2% to 24% with steps of size 2%. Figure 19
shows the trade-off betweé&nN and the final number of generations for convergence (mean
value taken over 10 runs). From this picture we can notic€ ttha¢s not have a great

influence on the final network size, but larger valueé iofiply in slower convergence.
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Figure 18: aiNet sensitivity to the numbreof highest affinity cells to be selected for the next

generation, Maximum, minimum and mean taken over ten runs. (a) Traade-bif (b)
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Figure 19: Trade-off betwedy N and the number of generations for convergence (average

over ten runs).

About the Number of Clusters and Network Parameters

The definition of a suppression threshadg) (parameter is crucial in the determination
of the final network size and consequently the number and shapes of the final cluster
generated by the minimal spanning tree. This parameter has been determined in an ad hoc
fashion, and as a further extension of this model we suggest the co-evoluidogdther

with the network antibodies.
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The amount of highest affinity antibodies to be selected for reprodunjias)
demonstrated to be decisive for the final network size. Nevertheless, the authors kept most of
the parameters fixed for all problems, as can be seen from Table 1. In the most
computationally intensive problems (SPIR and CHAINLINKyas set to 10% in order to
increase the learning speed. The only parameter that seemed to be really critical for the
network clustering was the suppression threshold. It is also important to mention that in all
the problems tested, the network demonstrated to be insensitive to the initial antibody
repertoire, i.e., initial conditions.

In the SOM network case, the a priori definition of the network size may impose a
network architecture not capable of correctly mapping the input data into the output nodes.
Several models have been proposed to overcome this drawback (Fritzke, 1994; Cho, 1997, de
Castro & Von Zuben, 1999b). If the clusters are non-linearly separable, but there is still a
small distance between them (e.g., problems SPIR and CHAINLINK), the aiNet

demonstrated to be capable of solving these problems, while the SOM network failed.

Concluding Remarks

In this chapter, an artificial immune network model, named aiNet, was proposed to solve data
clustering problems. The resulting learning algorithm was formally described, and related to
other connectionist and evolutionary models. In addition, the aiNet was applied to several
benchmark problems and the obtained results compared to those of the Kohonen self-
organizing neural network. As there is a great amount of user-defined parameters associated
with the aiNet training, a sensitivity analysis was also performed.

The general purposes of the aiNet are: the automation of knowledge discovery, the
mining of redundant data and the automatic clustering partition. This way, we can make use
of antibodies and input patterns to be recognized (antigens) of the same dimension. One of
the main reasons to take this decision, is that the aiNet can maintain the original topology of
the classes, which is usually lost when it is promoted a dimensionality reduction.

On the one hand the two main goals of the SOM are to reduce data dimensionality and
to preserve the metric and topological relationships of the input patterns (Kohonen, 1982). On
the other hand, the aiNet reduces data redundancy, not dimensionality, and allows the
reconstruction of the metric and topological relationships. Due to the possibility of

reproducing the topological relationships, similar information (based upon a distance metric)
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are mapped into closer antibodies, eventually the same one, characterizing the quantization
and clustering of the input space.

By the time the immune network theory was proposed, the selective view of immune
recognition (clonal selection principle) was well established and accepted. This new
paradigm was in conflict with the selective theory, and network models did not take into
account a clonal selection pattern of antigenic response. The network model presented in this
chapter is different from the existing ones in the sense that it is discrete, instead of
continuous, and it brings together the two originally conflicting theories: clonal selection and
immune network. Nevertheless, the aiNet model takes into account the same processes
covered by most of the dynamical models found in the literature (Equation (1)), but does not
aim at directly mimicking any immune phenomenon.

In the aiNet model, clonal selection controls the amount and shapes of the network
antibodies (its dynamics and metadynamics), while hierarchical and graph-theoretical
clustering techniques are used to define the final network structure. The learning algorithm is
generic, but the resultant networks are problem dependent, i.e., the set of patterns (antigens)
to be recognized will guide the search for the network structure and shape of clusters. As its
main drawbacks, we can mention its high number of user-defined parameters and its high
computational cost per iteratioB(nv’), with relation to the numbem, of memory
antibodies.

As can be seen from Figures 12(d) and 14(d), the resulting aiNet clusters present a
very peculiar spatial distribution. If we tried to represent these clusters by their respective
centers of mass to perform the aiNet fuzzy clustering, the membership value of most of the
antibodies would be incorrect, once the centroids are not representative of the real
distribution of the classes.

As possible extensions and future trends we can stress the application of the aiNet to
real-world benchmark problems of dimenslor 3, its application to the n-TSP (n-route
travelling salesman) problem, the treatment of feasibility in the shape-space and its possible
hybridization with local search techniques. In addition, the aiNet can be augmented to take

into account adaptive parameters, aiming at reducing the amount of user defined parameters.
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