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Abstract 1.1 A Brief Description of the Immune System

This paper explores basic aspects of the immune system

d [ work del with th To begin, we shall sketch a few aspects of the human
and proposes a novel Immune network model wi eadaptive immune systenA number of concepts and
main goals of clustering and filtering unlabeled

. f technical terms will be introduced to make the reader
numerical data sets. It is not our concern to reproduce

X . , familiar with the terminology. Master details about the
with confidence any immune phenomenon, but to sho 9y

“Ymmune network theorgnd theclonal selection principle

that immune concepts can be used to develop powerfqlNiH be given in dedicated sections. An interested reader

computational tools for data processing. As important shall refer to Janeway Jr. & Travers [5] for an
results of_our model, the network (_av_olved will be Capableintroductory text in immunology and de Castro & Von
.Of reducmg redundancy, describing data struct_ure, Zuben [3] for immunology under the Al perspective.
!ncludmg the _shape Of. th_e clus_ters. The_ n_etwo_rk will be The immune systeris a complex of cells, molecules
implemented in association with a statistical inference and organs with the primary role of limiting damage to

technique, and its performance will be illustrated using the host organism bypathogens(called antigens Ag),

two benchmark problems. The paper is concluded \.N.'t.h Awhich elicit animmune respons@ne type of response is
trade-off between the proposed network and artificial the secretion ofantibody molecules by Beells (or B-

neural networks used to perform unsupervised learning. lymphocytes Antibodies (Ab) are Y-shaped receptor
molecules bound on the surface of a B cell with the
. primary role of recognizing and binding through a
1. Introduction complementary matckith an antigen.
The Ab recognizesa portion of the Ag called its
The vertebrate immune systemas several useful epitope An idiotype is defined as the set of epitopes
mechanisms from the viewpoint of information displayed by the variable regions of a set of Ab, and an
processing. Among the many immunological models, weidiotope is each single idiotypic epitope. While each B
can stress thanmune network theor§6] and theclonal cell is known to have a single type of Ab, thus being
selection and affinity maturatioalgorithms[1,2]. In this calledmonospecifican Ag typically has several different
work, we will briefly review these theories and show that types of epitopes, and can be recognized by several
many of their concepts and ideas can be used to develogifferent antibodies. The antibody portion responsible for
an artificial network structurecapable of solving similar  matching (recognizing) an antigen is calfstatope also
pattern recognitiontasks as the natural immune system. known as V-region, fowariable region It is variable
This paper formally derives the network model, discussespecause it caalter its shapeto achieve a better match
its applications and how to interpret the results. The link (complementarily) with a given antigen. The strength and
between our model andrtificial neural networksfor specificity of the Ag-Ab interaction is measured by the
unsupervised learning is also discussed. affinity of their match. Figure 1 illustrates an Ag with its
A network will be constructed to give answers to the many epitopes and an Ab with its paratope and idiotope.
following questions: (1) Is there a great amount of |n order to be protective, the immune system must
redundancy in the data and, if yes, how can we reduce itfearn to distinguish between our owsel) cells and
(2) Is there any group or subgroup intrinsic to the data?malefic externalfonself invaders. This process is called
(3) How many groups are there within the data set?self/nonself discriminatiarthose cells recognized as self
(4) What is the structure of these data (groups)? (5) Howdo not promote an immune response, while the
can we generate decision rules to classify novel samples?unrecognized ones provoke a reaction.
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Figure 1: B cell, Ag, Ab, epitopes, paratopes and idiotopes. (a) Figure 2: Idiotypic network representation. (a) An antigen
Monospecific B cell with its receptor(Ab). (b) Antibody stimulates the Ab production of class 1, who stimulates class 2,
combining site (V-region or paratope), and its idiotope. and so on (see [6] for description).

2. Immune Network Theory 3. Clonal Selection and Maturation of

Immune Responses

The immune network theory, as originally proposed by
Jerne [6], hypothesized a novel viewpoint of lymphocyte  When stimulated, a B cefiroliferatesand secretests
activities, natural Ab production, pre-immune repertoire receptor molecules as free Ab. Antibodies thus can either
selection, tolerance, self/nonself discrimination, memory be free or receptors attached to cells. Secretion requires
and the evolution of the immune system. The immunethat B cells become activated, undergooliferation
system was formally defined as an enormous and compleXcloning and finally differentiate intgplasma(large Ab
network of paratopes, that recognize sets of idiotopes, andecretors) andnemory cells(high affinity, long living
of idiotopes, that are recognized by sets of paratopes. Theells), as illustrated in Figure 3.doneis a cell, or set of
relevant events in the immune system are not only thecells, which are the progeny of a single cell. Those cells
molecules, but also their interactions. The immune cellsthat recognize antigens growdoncentrationandaffinity
can respond either positively or negatively to the (affinity maturatior), while those that do not, die out, a
recognition signal. A positive response would result in phenomenon usually addressed asnttauration of the
cell proliferation, activationand antibody secretion, while  immune responsgheimmune learning mechani3nThis
a negative response would lead tolerance and basic process opattern recognition and selectiois
suppressionFigure 2 depicts the immune network idea.  known asclonal selection[2] and is similar tonatural

In the model proposed by Varela & Coutinho [12], we selection except that it occurs on a rapid time scale, on
can stress three characteristics of the immune networksthe order of days, within our bodigsicroevolution.
1) its structure that describes the types of interaction  Repeatedly exposure to a given antigen considerably
among the network components, represented by matriceenhances the effectiveness of the immune response
of connectivity; 2) itsdynamics that accounts for the through the storage of high affinity memory cells from the
variation in time of the concentrations and affinities of its early infections. This scheme is similar toeinforcement
cells; and 3) itsnetadynamicsa property addressed to the |earning strategy[11], where the system continuously
continuous production of novel antibodies and death ofimproves its capability to perform its task (in this case,
non-stimulated or self-reactive cells. The central recognition of antigens).
characteristic of the immune network theory is the The maturation of the immune response requires that
definition of the individual's molecular identitynfernal the Ab, in the matured response, be structurally different
image$, which emerges from a network organization from those present in the primary response. Random
followed by the learning of the molecular composition of changes (mutations) are introduced into the V-region
the environment where the system develops. genes and occasionally one such change will lead to an

The network approach is particularly interesting for the increase in the antibody affinity. It is these high-affinity
development of computer tools because it potentially variants that are selected to enter the pool of memory
provides a precise account of emergent properties such agells. Those cells with low affinity receptors, or the self-
learning and memory, self-tolerance, size control andreactive cells, must be efficiently eliminated (or become
diversity of cell populations. In general terms, the anergic).
structure of most network models can be represented as  The selection mechanism provides a means by which

influx death of reproduction the regulation of the hypermutation process is made
RPV = of new - unstimulated + of stimulated (1) dependent on receptor affinity. Cells with low affinity
cells cells cells receptors may be further mutated and eliminated if their

where RPV is the rate of population variation, and the lastantigenic affinity remain small. In cells with high-affinity
term includes Ab-Ab recognition and Ag-Ab stimulation. receptors, hypermutation may be inactivated [8].



X T Like the models proposed by Farmetral and Jerne
[4,6,7], we make no distinction between the B cell and the

iy %4{ Ab. The Ag-Abaffinity is measured by a distance metric
R ¢, Plasmacells (dissimilarity) between them. Oppositely, the Ab-Ab
Antigen / Y %} affinity is defined by aimilarity metric between them.

~ As proposed in the original immune network theory

. A (Section 2), the existing cells will compete for antigenic
\ }é{ recognition and those successful will lead to network

Clonal selection - activation and cell proliferation, clonal selection, (Section
}é{ Memory cells 3), while those who fail will be eliminated. In addition,

N Ab-Ab recognition will result in network suppression. In

our model, suppression is performed by eliminating the
self-recognizing cells, given a suppression threslagld
Every pair Ag-Ab will relate to each other within the
shape-spac8 through the affinityd; of their interactions
(dissimilarity), which reflects the probability of starting a
clonal response. Similarly, an affinigy will be assigned

Figure 3: Ag-Ab interactions. A minority of cells will recognize
the antigen, and be activated by clonal selection.

4. aiNet: An Evolutionary Artificial Immune

Network to each pair Ab-Ab, reflecting their interactions
(similarity).
Let a shape-space ®e a multi-dimensional metric The following notation will be adopted:

space where each axis stands for a physico-chemicak: data set composed Wf, vectors K 00 O7);
measure characterizing a molecular shape [10]. We willc: matrix containing all thé\, network cells ¢ 0 O%);
assume a set of unla_beled pattt_abﬁs {xl,?<2,...,pr}, M : matrix of theN memory cells,NI O C);
where each pattern, i =1,.N,, is described byp N.: number of clones generated by each stimulated cell;
variables, to characterize a molecular configuration as &p. dissimilarity matrix with elements; (Ag-Aby;
point sOS Hence, a point IS specifies the set of g similarity matrix with elements; (Ab-Ab);
features necessary to determine the Ab-Ab and Ag-Abn: n highest affinity cells selected to clone and mutate;
interactions that can be mathematically represented as 2 percentage of the matured cells to be selected; and
p-dimensional vector. The possible interactions within the 04< natural death and suppression threshold, respectively.
system will be represented in the form of a gonnectivity '?I'he learning algorithm aims at building a,memory set
graph. Our network model can be formally defined as: 5y recognizes and represents the data structural
Definition 1: _The proposed ar_t|f|C|aI immune n_etwork, organization. The more specific the cells, the less
named aiNet, can be defined as edge-weighted = qimonious the network (low compression rate), whilst
graph, not necessarily fully connected, composed of @ the more generalist the cells, the more parsimonious the
set of nades, callecells and sets of node pairs cal_led (petwork with relation to the number of cells (improved
2gﬁ:§wi&ilgﬁtgfggfﬁéigoidsqnfe:g?ti a number assigne COmpr_e_ssion). The suppression thresho_Lgi ¢ontrols the
The aiNet is said to bevolutionarybecause evolution specificity Iev_el_ of the cells, the_ clustering accuracy and
. X L . ..,.. hetwork plasticity. As a suggestion, the user must first set
strategies (based on genetic variation and selection W|th|na small value foo, (e.g.,0.< 10 and continuously fine-
a population of individuals) will be used to control the tune the networks er.f%r,msa_nce y
network dynamicsand plasticity. It is alsoconnectionist P '
once a matrix of connection strengths is defined to
measure affinities among the network cells. + ° ++ ++ 04 ___@
The clusters in the network will serve asternal s 1 t, + +, | T '¥01
images responsiblgor mapping existing clusters in the +i’ +F + st 0.15 @
data set into network clusters. As an illustration, consider | + N
the data set of Figure 4(a). A hypothetical network 0_3\\ //’0.32
structure, generated by the aiNet, is shown in Figure 4(b). +s N
The cell labels and connection strengths are presented s 6]
The dashed lines suggest connections to be pruned, in () (b)
rder I rs an fine the final n rk
i, o o s f et o mochEGU e st ()Data ot i clsers o g
.. data density. (b) Network of labeled cells with weights assigned
smaller .than the n.umber of data samples, _CharaCte”ZInQO the links. Dashed lines indicate connections to be pruned to
an architecture suitable for data compression. Note thabenerate disconnected sub-graphs (clusters).
the network size is automatically defined.




The aiNet learning algorithm works as follows: The network outputs can be taken to be the matrix of

1. At each iteration step, do: memory cells’ coordinated) and the matrix of inter-
1.1 For each antigen do: cell affinities ). While matrixM represents the network
1.1.1 Determine its affinityd;, to all the network internal images of groups of antigens, matfx is

cells according to a distance metric; responsible for determining which cells are connected to
1.1.2 Select then highest affinity network cells; each other, describing the general network structure. To
1.1.3 Reproduce (clone) these selected cells. achieve a problem specific network structure, we will
The higher the cell affinity, the largik; analyze theaminimal spanning treef the resulting net, to
1.1.4 Apply Equation (2) to thedd, cells; be described in the next section.
1.1.5 DetermineD for these improved cells; To evaluate the network convergence we propose

1.1.6 Re-select{% of the highest affinity cells several different criteria:
and create a partidd , memory cell matrix; 1. Stop iterating after a pre-defined number of steps (used

1.1.7 Eliminate those cells whose affinity is in all experiments performed).
inferior to thresholdyg, yielding a reduction 2. Stop the iterative process when the network reaches a
in the size of th& , matrix; pre-defined number of cells.
1.1.8 Calculate the network Ab-Ab affinity;; 3. Evaluate the error between the antigenshnd
1.1.9 Eliminates; < g5 (clonal suppression 4. The network is supposed to have converged if its
1.1.10 Concatenat€ andM, (C « [C;M,]); average error rises afteiconsecutive iterations.
1.2 DetermineS, and eliminate those cells whose ]
s; < 0 (network suppression 4.1 Knowledge Extraction and Structure of the
1.3 Replace r% of the worst individuals; Trained aiNet

2. Test the stopping criterion.

In steps 1.1.1, 1.1.5 and 1.1.8 we adopted the
Euclidean distance as a metric of similarity and
dissimilarity. Steps 1.1.1 to 1.1.7 describe the clonal
selection and affinity maturation processes. Steps 1.1.8 t
1.1.10 and 1.2 to 1.3 simulate the immune network
activity. The affinity of the cells with the given antigen
can be improved by the following expression (directed
mutation):

The network structure could simply be determined by
fully connecting all the network cells according to matrix
S, but it would make the network interpretation and
knowledge extraction difficult tasks, mainly fqr> 3.

ne way to alleviate the complexity of analysis and to
detect clusters is to suppress all those connections whose
strength extrapolates a pre-defined threshold. This idea,
though simple, will not be adopted here because it does
not account for any correlation within the network
C=C-a(C-X), (2) (indirectly in the data set) and might lead to erroneous
interpretations. It is our main purpose here, to supply the
user with a formal and sophisticate network interpretation
strategy. Explicitly speaking, our goals are to determine
(1) the number ofclusters and (2) the network cells

where,C is the matrix of network cells the matrix of
antigens andi is thelearning rate or mutation rate The
o value is set according to the Ag-Ab affinity, the higher

the affinity the smaller ther. Equation (2) proposes a belonging to each of the identified clusters, given insights
biased search, where the Ag-Ab complementarity 'Sinto the shapes of each cluster. To do so, we use the

increased proportionally ta. By doing so, we guide our  anvork output, which is composed of mathix and the

search to locally optimize the network cellgrdedy \hher triangular matrisD, along with a principle from
search) in order to improve their antigenic recognition .| ster analysisThe problem is stated as follows:

capability along the iterations. Given a network with N memory celd 0 O") and

As can .be seen from this algorithm, a CI.Onal.'mmunetheir interconnectiongS), devise a clustering scheme to
response is elicited to each presented antigenic patte"hetect inherent separations between cluswr! in a

Notic_e also the existence of two suppressive stgpg in thi%etric space governed by a distance meas(xg)d
algorlthm (1.1.9 gnpl 1'.2):.thelonal suppressionis The minimal spanning tregMST) of a graph is a
resp0n5|bl_e for eliminating mtra-clon.al self-recognizing powerful mechanism to search for a locally adaptive
cells, while the network suppressionsearches  for interconnecting strategy for the network cells [9,13], and

ZIfT”artlﬂesl betvyeen ﬁ'ﬁere?rt] setst of knetvxlllork clones.twi“ serve as an aid to detect and describe the structure of
er the learning phase, the network cells represent . . ou clusters.

internal images of the antigens (or groups of antigens)Definition 2: Atree is aspanning treef a graph if it is a

presented to it. As a comple_ment to the general network sub-graph containing all the vertices of the graph. A

structure prgsented in Equation (1), our model suppresses minimal spanning treef a graph is a spanning tree

self-recognizing cells (steps 1.1.9 and 1.2). with minimum weight, where the weight of a tree is
the sum of the weights of its constituent edges.



The visualization of the MST is only feasible fog 3, network clusters in cases characterized by intersections
but we can draw a bar graph representing the distancegamong the different clusters in the data set.
between neighboring cells. Notice that the concept of
neighborhood makes sense only after the generation of th€.1  Artificial Neural Networks and aiNet
MST. It is necessary to define a procedure for deleting
edges from an MST so that the resulting connectedAs final remarks, we can list the most striking similarities
subtrees correspond to the network clusters. Theand differences between neural networks and the

following criterion is used: introduced aiNet model:
An MST edge (i,j)) whose weight jsis significantly 1. Differences
larger than the average of nearby edge weights on both Neural Networks

sides of the edgé,j) should be deletedThis edge is  « | earning by altering connection strengths

calledinconsistent o “Knowledge” stored in the connections
There are two natural ways to measure the significance, Excitatory and inhibitory connections

referred to. One is to see how many sample standard aiNet

deviations separatg from the average edge weights on | e4ring through the variation in concentration and
each side. The other is to calculate fdagtor (f) or ratio affinity of network cells

betweers; and the respective averages [13]. « “Recognition” performed by cell receptors

Activation and suppressive interactions

5. aiNet Evaluation

2. Similarities

In this section, we are going to apply the aiNet. Great diversity and amount of highly specific cells;
algorithm to two artificial benchmark problems in orderto , Npise tolerance generalization capability, auto-

|Ilus'§rate and dISCU'SS some qharacterlstlcs of our qugl. associative memory: and

Figure 5(a) depicts the simple problem of classifying , Sub-symbolic, parallel and distributed processing
50 samples iJ? into five distinct classes, each of which based upon a, competitive learning scheme.
contains 10 samples. In Figure 5(b), we have the well-
known two-donut problem.

The parameters used for training each aiNet and the
results obtained are presented in Figures 6 aB&€i& the
stopping criterion (fixed number of generationk)the
factor discussed in Section 4.1, the final number of
cells, and the other parameters were studied in Section 4.
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Figure 5: Test problems for the aiNet learning algorithm. (a) Five linearly separable classes. (b) Two-donut problem.
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Figure 6: Results for the five classes probleiy,= 50, = 20%,05 = 0.1,SC= 10 gen. (a) Bar graph generated from the MST. (b)
Resultant network architecturd € 17). The edges pruned by the MST are the dashed ones.
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Figure 7: Results for the two-donut problel = 50,{ = 20%,0; = 0.1,SC= 10 gen. (a) Histogram generated from the MST. (b) MST
and resultant network architectuie € 37).



