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Recent developments in idiotypic network theory

R.J. De Boer
Bioinformatica, University of Utrecht, The Netherlands

A recent class of mathematical models of the immune network is reviewed. The models in this class
are based upon the bell-shaped activation function that is known to be characteristic for receptor
cross-linking. These network models have a large number of self-regulatory properties. This review
discusses of number of these properties, i.e. immunological memory, suppression, and repertoire
selection. Neth J Med 1991;39:254-262.
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Introduction

Jerne's famous 1974 paper [1] is entitled "To-
wards a network theory of the immune system".
In this paper Jerne postulated that the immune
system functions as a network with a complexity
comparable to that of the neural network. Jerne's
formal theory consisted of defining a number of
concepts such as "epitope" and "idiotype" and a
set of functional network relations amongst them.
He proposed that in the absence of antigens such
a system is expected to have an "Eigen-be-
haviour". The Eigen-behaviour was postulated to
be modulated by foreign signals, i.e. antigens.
Jerne concluded that both neural and immune
networks "thereby learn from experience and
build up a memory that is sustained by reinforce-
ment and that is deposited in persistent network
modification" [1].
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At the time Jerne proposed his immune net-
work theory, the theory of neural networks had
already developed into a powerful mathematical
framework. About two decades earlier, McCul-
logh and Pitts [2] formulated a simple abstract
model of a single nerve cell, and proposed that
mind-like machines could be build by intercon-
necting such simple elements. Indeed, in the late
sixties machines that were already able to recog-
nize and to remember had been built [3]. Interest-
ingly, the behaviour and the capacities of the
neural networks cannot be attributed to single
neurons but are distributed properties of the
network connections. This situation corresponds
to Jerne's "modulation of the Eigen-behaviour".
In immunological terms this implies that a prop-
erty like memory cannot be contributed to a
single antigen-specific clone. Instead, it is a dis-
tributed property of the immune network that
arises by a modification of the connections be-
tween many network clones.

Because the theory of neural networks pro-
vided such interesting results, it is not surprising
that Jerne's comparison between immune net-
works and neural networks rapidly attracted the-
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oreticians to the field of immune networks. One
year later, in 1975, two different mathematical
models of the immune network were published by
Hoffmann [4] and Richter [5]. These two early
models were followed by several others. However,
although this early work has certainly contributed
to our understanding of network theory, most of
the older models are no longer being studied.
One exception is Hoffman's early model which is
still being investigated by Hoffmann and his co-
workers [6,7]. The longevity of Hoffmann's model
shows, however, that it has been generally ac-
cepted. Immunologically speaking, the model is
unattractive because it is based upon two highly
speculative assumptions, i.e. the blocking of idio-
typic interactions by specific T-cell factors and
the killing of idiotypic cells by anti-idiotypic com-
plement fixation. Additionally, Hoffmann's model
is unattractive for a number of theoretical rea-
sons [8]. For instance, it is cumbersome to formu-
late a large network with many idiotypic layers.
Because of these drawbacks we have recently
developed a new class of models [8-12].

This paper reviews this recent class of formal
models, which are all based upon a bell-shaped,
i.e. a bi-phasic, activation function (Fig. 1). An
important immunological argument for the use of
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Fig. 1. The fraction of activated B cells as a function of the log
of the ligand concentration. We use this log bell-shaped
activation function as a phenomenological equation for the
cross-linking of surface immunoglobulin. The function that we
use is composed of two Michaelian functions, i.e. the equation
is

a 02f(a)- 01+a 02+a

where 02 01 and a is the field (see text).
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a bi-phasic activation function is that cross-link-
ing of immunoglobulin receptors on the surface a
B cell is a bi-phasic function of the ligand concen-
tration. Detailed theoretical work has been done
on receptor cross-linking [13,14], and it is possible
to incorporate these results into the activation
function of idiotypic network models [15]. For
reasons of simplicity, however, the first network
models based on bi-phasic activation functions
used much simpler phenomenological equations
[9,16]. The bi-phasic activation functions allow us
to define the basic mode of idiotypic interactions
to be stimulatory and to view activation and sup-
pression as two different regimes of bi-phasic
stimulatory interactions.

In recent years these models have been ana-
lyzed along various lines of theoretical and im-
munological research [8-12]. This paper is a re-
view of the results, omitting most of the mathe-
matical details. A paper reviewing most of the
earlier network theories has recently be pub-
lished [17].

The model

In the models we consider B-cell idiotypes or
B-cell clones. For each clone/idiotype we specify
processes such as proliferation, cell death, accu-
mulation of naive cells from the bone marrow,
and/or antibody production and the formation of
idiotypic complexes. For each clone/idiotype we
thus formulate a model of one, or a few, differen-
tial equations. Because the B-cell clones do not
differ in the functioning of these processes, the
basic equations are the same for all idiotypes.
The main difference between the various clones
is their idiotypic coupling.

The pattern of idiotypic couplings is typically
stored in an affinity matrix K, where Kii defines
the affinity with which antibodies of clone i inter-
act with the immunoglobulin receptors on clone
j. Such matrices have been published by experi-
mentalists [18]. Our affinity matrices are typically
symmetric: if antibody i interacts with antibody j,
j is also expected to interact with i. This symme-
try assumption was in fact an important contribu-
tion of Hoffmann's [4] very early model. Depend-
ing on the size of the network the affinity matri-
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ces may be either small or large. In the simplest
cases where one studies the interaction between
only one idiotype and one anti-idiotype, one deals
with only one affinity constant of the pair-wise
idiotypic interaction. In larger networks one con-
siders many, i.e. typically n, clones. Then one has
to consider an affinity matrix of n X n affinity
constants. Having defined a matrix of affinity
constants, the total concentration of anti-idiotypic
antibody per clone is obtained by summing all
antibody concentrations weighted by the respec-
tive affinities. We have called this total concen-
tration the field of a clone [11]. Others have
called it the sensitivity [16] or the connectivity [7].

As was explained in the Introduction, the most
crucial assumption of the current class of network
models is the functional relationship between the
field, i.e. the concentration of anti-idiotypic anti-
body, and B-cell activation. In our models we
have assumed this relation to be the log bell-
shaped function that is displayed in Fig. 1. Plot-
ted on a log scale this phenomenological function
is symmetric around its maximum. An important
argument for the use of a log bell-shaped func-
tion is that receptor cross-linking is involved in
B-cell activation. The fraction of cell surface re-
ceptors cross-linked by a ligand when plotted
against the logarithm of the ligand concentration
is called a cross-linking curve. For ligands that
are bivalent, the cross-linking curve is indeed
bell-shaped and symmetric around its maximum
[13,14]. A very similar model developed by Varela
et al. [16] is also based upon bi-phasic activation.
They, however, use two different (and asymmet-
ric) functions, i.e., one for B-cell proliferation
and one for plasma-cell maturation.

In general, a bi-phasic activation function im-
plies that the degree of B-cell activation may
either increase or decrease with an increase of
the ligand. We have called the increase in activa-
tion the stimulatory regime, and the decrease in
activation the suppressive regime. In the functions
that we use, low concentrations of ligand tend to
be stimulatory and high concentrations tend to be
suppressive. In Varela's model [16] the same is
true. However, because the authors make a dis-
tinction between activation that leads to prolifer-
ation and activation that leads to maturation,

they make the additional assumption that the
ligand concentration that is required for prolifer-
ation is larger than that required for maturation.

In order to give the reader an impression of
the types of models that are being discussed in
this review I would like to explain the basic
differential equation of our simplest model. In
the simplified model we assume that the antibody
concentration that is produced by each clone
remains proportional to the size of that clone.
Although this assumption is likely to be incorrect,
it greatly simplifies our theory. Additionally, it
helps one to get insight into the equation. Thus,
most models are centered around the B-cell
growth equation

dB;

dt m "Bif(ai) d/31,

where a, (read antii) is the field of clone i.
Verbally, the equation reads as follows. The
growth of B-cell clone Bi, (a) increases by the
accumulation of naive cells from the bone mar-
row at a rate m, (b) increases by cell division
depending on the cross-linking function f(a1)
and the maximum rate of proliferation p, and (c)
decreases by cell death at a rate d.

In our more complicated models we have made
a distinction between B cells and the antibody
they produce [10,12,15]; we have allowed for a
time lag between B-cell proliferation and matura-
tion to plasma cells [12]; we have made a distinc-
tion between antibody concentrations in the
spleen and in the periphery [19]; and we have
assumed that the bone marrow keeps on produc-
ing immunoglobulins that were never produced
before [12]. All these models are, however, based
on the same crucial assumption, the log bell-
shaped activation function.

Results

Algebraic treatment allows one to find the
equilibria of the model. Typically we find three
equilibria for each clone. The first equilibrium,
i.e. the virgin state, arises whenever a; (the field
of a clone) is low. Thus, when a clone faces
hardly any anti-idiotypic antibody in the system,
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its population size is determined by the source of
cells from the bone marrow m and the rate of
cell turnover d. The second and the third equilib-
rium, i.e. the immune state and the suppressed
state, arise whenever the field ai is high. A high
field causes a clone to proliferate by idiotypic
stimulation. An equilibrium therefore means that
the rate of proliferation is equal to the rate of
cell turnover. Because of the bell-shaped nature
of the activation function, two such equilibria
exist. The immune state is located in the rising
part of the function, i.e. in the stimulatory regime.
The suppressed state is located in the decreasing
part of the function, i.e. in the suppressive regime.
Note that, in response to an increase of ligand, a
clone in the immune state will proliferate faster,
whereas a clone in the suppressed state will slow
down. Additionally, theory that is omitted here
shows that a clone in the immune state is larger
than a clone in the suppressed state.

Memory

The identification of three different equilib-
rium states of each clone of an idiotypic network
[8-11] suggests that clones may switch between
the three states. Such a state switch changes the
network configuration and may encode for im-
munological memory. Upon the stimulation of an
idiotype (i.e. an Abl) with antigen, the Abl is
expected to proliferate and to stimulate the pro-
liferation of anti-idiotypes (i.e. of Ab2s). Since
both the Abl and the Ab2 proliferate they both
leave the virgin state. We have shown that a
typical outcome of the immune response of such
an Abl and Ab2 interaction is that the Abl
attains the immune state whereas the Ab2 attains
the suppressed state [8-11]. Since this is a stable
situation which persists following the elimination
of the antigen, such a state switch accounts for
idiotypic memory.

Idiotypic memory in this model involves the
continuous proliferation of both Abl and Ab2.
The proliferation process continues because the
Abl and the Ab2 stimulate each other. Although
the Abl population remains larger than the Ab2
population, the size of the Ab2 population suf-
fices for maintaining the proliferation of the Abl.
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However, when this model of idiotypic memory
was studied in networks with many clones and
many idiotypic layers we identified a problem of
percolation [10]. If the Ab2 population is so large
that it is able to maintain the proliferation of the
Abl population, .one may question why the Ab2
would not be able to trigger the proliferation of
an Ab3 population. Subsequently, if the Ab3s
proliferate they will trigger the proliferation of
the Ab4s, etc. Thus the immune state of an Abl
clone seemed likely to percolate over the entire
network, i.e. to trigger the proliferation of all
other idiotypic levels. Simulation results have
confirmed that percolation is a problem [10].

Recently, we have suggested a solution for the
problem of percolation [11]. In models where we
strictly assume that each Abl interacts with many
Ab2s which, in turn, each interact with many (and
different) Ab3s, percolation can be avoided. Such
a network is called a Cayley tree [11]. The intu-
itive explanation for the avoidance of percolation
is that the immune state of the Abl is maintained
by the combined effect of many Ab2s. Each Ab2
therefore remains too small to be able to trigger
the proliferation of the Ab3s. Thus, in the Cayley
tree model, idiotypic memory only involves the
proliferation of Abls and Ab2s. We therefore say
that the memory remains localized in the network
around the antigen-specific clones.

Interestingly, such a form of localized memory
differs markedly from the distributed memory
that has been described for neural networks. In
our immune networks it is always possible to
pinpoint the clones that are responsible for main-
taining the memory. Although this may sound
reasonable for an immunologist, it is quite differ-
ent from the distributed memory that people
have in mind when they compare the immune
network with the neural network.

Suppression

An opposite effect is attained when following
exposure to antigen, an idiotype attains the sup-
pressed state. In the Cayley tree model it is also
possible to have a state in which Abl is sup-
pressed and in which Ab2s are immune [20]. Such
a suppressed state is attained when Abl is stimu-
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lated with a sub-optimal dose of antigen. In such
circumstances Abl grows slowly, and it takes
longer before Ab2 starts to proliferate. However,
once Ab2 proliferation starts it proceeds at nor-
mal speed. Because Ab2 proliferates faster than
Abl, Ab2 grows larger than Abl. Thus, Abl ends
up in a suppressed state [20].

Suppression of antigen-specific clones may play
a role in self-tolerance. If we assume that self-an-
tigens provide a sub-optimal stimulatory signal to
the self-reactive clones, the model accounts for
tolerance because the self-reactive clones may
become suppressed by anti-idiotypes.

Repertoire selection

Most of the recent experimental work on im-
mune networks no longer focuses on memory
and/or suppression phenomena of adult immune
responses to antigens. Experiments indicate that
network interactions are more pronounced dur-
ing early life [34]. Compared with adult life, idio-
typic interactions are very common during early
ontogeny [21,22]. Experimental data show that
the manipulation of idiotypic interactions during
early ontogeny can influence the adult immune
response [18]. These data suggest that one of the
roles which the early network plays is the selec-
tion of the immune repertoire. The maintenance
of particular antibody specificities in the actual
repertoire may therefore depend on the temporal
network structure. Lastly, it has been postulated
that 10-20% of all cells of the immune system
are involved in a network core, whereas 80-90%
of all lymphoid cells form a large set of function-
ally disconnected clones [22,23].

These data and interpretations have been ana-
lyzed in a formal network model for repertoire
selection [12]. A key feature of the model is that
it contains an artificial bone marrow that contin-
ues to produce B cells of a specificity it has never
produced before. The empirical argument for
such a model is that the potential repertoire of
immunoglobulin specificities that an animal can
make is much larger than the available repertoire
of antibody specificities that the animal uses.
Thus, we have a network that is constantly being
perturbed by novel specificities from the bone

marrow. The network may grow and incorporate
the novel clones, it may neglect the novel clones,
or the novel clones may outcompete some estab-
lished clones in the network. In a simulation
study, we have studied the emergent properties of
such a network as it is being formed from the
interaction between the novel clones from the
bone marrow and the established repertoire of
clones in the network [12].

Such networks develop a large number of self-
regulatory features. They establish a stable reper-
toire of different antibody specificities and a
characteristic concentration of antibody. If one
were to eliminate part of the specificities and/or
part of the circulating antibodies, the network
would expand until the old equilibrium was re-
established. Thus the network seems to "know"
how large the repertoire is supposed to be. In
some sense, this is a verification of Coutinho's
claim that the immune system can "count". An-
other feature is a form of "self-regulatory com-
pleteness" which means that the networks grow
until their repertoire is complete. As Jerne [1]
suggested, most clones in our networks are sup-
pressed. In our model network, the idiotypic con-
nectivity peaks during early ontogeny, after which
the connectivity decreases until a low equilibrium
is attained. Multi-reactive clones, i.e. clones with
many idiotypic connections, prevail during early
life. Closer inspection of the theoretical connec-
tivity results reveals that once networks have at-
tained the suppressive equilibrium repertoire,
clones strongly compete for membership in the
network. In such a selection process multi-reac-
tive clones are likely to lose the competition [12].
In conclusion, we have been able to interpret the
experimental observation that the connectivity
declines during ontogeny in terms of attaining
equilibrium and selection.

The characteristics that we have described for
these developing network models cannot be re-
lated to the behaviour of individual clones. Rather
they emerge as a distributed property of the
entire network. A simple example of this is the
network property "total antibody concentration"
which attains an equilibrium and remains fairly
constant. Conversely, the antibody concentrations
of all individual clones in our model's repertoire
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never remain constant but always fluctuate over mains fairly constant and is something that can
several orders of magnitude. Apparently, the sum be regulated by the network. We will further
of all the fluctuating antibody concentrations re- discuss antibody fluctuations in the next section.
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Fig. 2. Chaotic behaviour in an idiotypeanti-idiotype interaction. The heavy lines depict the concentrations of the idiotypic B cells
(A,C) and antibodies (B,D). The light lines depict those of the anti-idiotypes. In panels (A) and (B) we depict the time-course of the
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Chaos and fluctuations

The fact that memory can be maintained for
years, and the fact that experiments with domi-
nant idiotypes such as T15 can (usually) be re-
peated, raises questions about the fluctuations in
the antibody concentrations. If antibody concen-
trations really fluctuate, one might expect phe-
nomena such as memory and self-tolerance to be
erratic. Note however, that this need not to be
true because we have seen above that stable
phenomena may be a distributed property of many
fluctuating clones.

Lundkvist et al. [24] measured the concentra-
tions of idiotypic and anti-idiotypic IgM antibod-
ies in unimmunized mice. Although they have far
too little data to be conclusive, they suggested
that the concentration fluctuations they measured
are compatible with the existence of chaotic dy-
namical behaviour. This experimental work was
partly inspired by the theoretical work of Varela
et al. who had developed a formal model (based
on bell-shaped activation functions) with a be-
haviour that was typically oscillatory. Stewart and
Varela [25,26] argue that this oscillatory be-
haviour is functional because it enables the net-
work to sustain diversity.

Similar fluctuations in antibody concentrations
have been described for the other models
[8,15,17]. Additionally, simple models of the
pair-wise interaction between idiotype and anti-
idiotype display truly chaotic behaviour [12,15].
An example of the chaotic behaviour of our model
is shown in Fig. 2. Both the B cells and the
antibodies fluctuate irregularly over several or-
ders of magnitude. An important implication of
chaotic behaviour is that the system is very sensi-
tive to small perturbations because the effect of
any minor change is entirely unpredictable. Nev-
ertheless, chaotic behaviour is common in many
physiological systems [27]. Although our theoreti-
cal results suggest that one may expect idiotypic
interactions to be chaotic, it is still unknown
whether or not chaos plays a role in immune
systems.

We have been able to show that the oscillatory
and/or chaotic behaviour is caused by a differ-
ence in time-scale between the B-cell dynamics

and the antibody dynamics [10,15]. Thus, the dif-
ferences between B cells and antibodies in the
rate of turnover and in the removal of antibody
by complex formation with anti-idiotypes are cru-
cial for the fluctuations. Recent work has sug-
gested a novel important time-scale. If we make a
distinction between a compartment of antibody
production, i.e. the spleen, and a compartment of
antibody circulation, i.e. the periphery, the resi-
dence time of antibody in the spleen crucially
determines whether or not the behaviour is oscil-
latory [19]. Thus, whether or not fluctuations in
antibody concentrations are the expected mode
of behaviour of an immune network has recently
become an open question again.

Discussion

Our theory is being extended in several ways.
For instance, models are being developed for the
incorporation of T cells into the B-cell network
[28], for T-cell vaccination [29], and for somatic
mutation in idiotypic interactions [30]. The work
on our self-structuring immune network [12] is
being extended by focusing further on Coutinho's
hypothesis [23] of the combination of a fully con-
nected network with functionally disconnected
clones. Another tool to study his hypothesis is a
so-called "shape-space" model in which all idio-
types are ordered in an abstract low-dimensional
space [31]. Coutinho's hypothesis then predicts
that regions in this space remain disconnected
from the network. We usually find that the net-
work covers most of the shape space [12,32].
However, some regions remain functionally dis-
connected from the network, which confirms
Coutinho's hypothesis.

In a recent review, Varela and Coutinho [33]
illustrate how formal network models may pro-
vide new insights into the functioning of the
immune system. For instance, our formal studies
[15,26] provide an explanation for the experi-
ments showing that natural antibody concentra-
tions fluctuate [24]. Having established that the
oscillatory behaviour depends on the compart-
mentalization of the immune system [19], the
models further suggest that such fluctuations need
not to be typical of all antibodies. Our theoretical



work has just started to develop a framework for
understanding the very complex issue of early
repertoire development [18,22,23]. As yet, such a
framework is lacking. It thus seems that formal
theory, such as mathematical models, should play
an important role in immunology.

In a number of other disciplines in biology,
formal theory does indeed play a significant role.
For instance, the theory of neural networks plays
a major role in the study of the nervous system.
Thus, if we are to resume our comparison be-
tween the nervous and immune systems, we might
as well finish with a comparison of the interaction
between theory and experiments in both fields.
Experimental work in both the immune and ner-
vous systems concentrates on the identification of
various different cell types and on the numerous
interactions amongst them. Theoretical work in
both fields concentrates on explaining how coor-
dinated system behaviour, such as, e.g., learning
and memory, could result from such interactions
amongst established cell types. Due to this work,
neural network theory plays a major role in our
current understanding of the brain function. We
see no reason why the role that mathematical
models play in immunology should not evolve
into something very similar.
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