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General introduction

Immune systems function by means of complex "networks" of interactions between various cell types
and/or molecules. These interactions vary from specific to non-specific, from local to systemic, are
positive or negative (or bimodal), and are generally non-linear (involving positive or negative feedback
loops). These networks of cellular and molecular interactions account for the various complex
bioinformatic phenomena that are known to be characteristic for immune systems (e.g. responsiveness
to many antigens, specificity, immunity, MHC restriction, and self non-self discrimination). From a
general point of view, immune systems thus are a very interesting example of a complex information
processing system.

The aim of this thesis is to obtain insight into how this complex information processing is
actually achieved in the immune system (see also De Boer [1989a] for a short overview). By combining
immunological interactions in mathematical models, we study the regulatory properties that emerge in
such a collection of interactions. In this thesis two broad classes of immunological interactions are
compared. Firstly, we develop models of interactions amongst the cells (and/or cell types) that are
clonally selected by antigen (i.e. the "clonal selection" systems, Part 1). Secondly, we develop models
of the networks of interactions between the antigen receptors of the various clones that constitute the
immune system (i.e. the "idiotypic network" systems, Part 2). In studying the phenomena of regulation,
memory and tolerance, we compare the capacity for information processing in these two levels of
organisation. Thus, our aim is to establish the role that each level plays in the generation of the
coordinate behaviour of the immune system.

Immunology. During the last 2-3 decades the immune system has revealed itself to be a highly
complex system which is composed of many different cell types and molecules. Recent techniques in
molecular biology and in cell-cloning have contributed greatly to this rapid development. This apparent
immunological complexity (Hoffmann et al. [1988] calculate that "Immunology is a science of about
106 facts and beliefs.") hampers our understanding of the "functioning" of the immune system. It is
hardly possible to arrive at unequivocal explanations for even the very simple immunological
phenomena such as specific immunity, or for the very essential phenomena such as self non-self
discrimination. With the help of mathematical models we attempt to increase our insight into the
functioning of these complex systems. Before investigating this complexity, which is the main topic of
this thesis, a simple view of the immune system is presented.

One of the hallmarks of immunology is specificity. Specificity is brought about by the availability
of an enormously large (i.e. >107) repertoire of different lymphocyte clones. All cells of such a clone
bear identical antigen receptors. These receptors are generated by processes that are, at least partly,
random: somatic recombination [Early et al., 1980] and somatic mutation [Berek et al., 1985]. Thus, in
our simple view, the primary repertoire of receptor molecules can be considered to be random.
Perturbation of the immune system by a foreign molecule, i.e. an antigen, evokes an immune response
of the (very few) clones bearing receptor molecules that somehow match complementarily to this
specific antigen molecule. Such clones expand by cell division, i.e. by proliferation, and thus become
over-represented in the (secondary) repertoire. Since the repertoire of receptor molecules seems
inexhaustibly large, any molecular structure is in principle expected to trigger such an immune reaction
(see Pere !son & Oster [1979] for a quantitative approach).

The enormously large repertoire of lymphocyte clones that can respond collectively to any antigenic
structure implies an important immunological theory: idiotypic network theory [Jerne, 1974].
Lymphocyte antigen receptors, being unique molecular structures, provide unique antigenic determinants
(i.e. idiotypes). Thus, if receptor molecules can virtually recognise anything, receptors should also be
able to recognise other receptor molecules. The idiotypic network theory thus defmes profound, possibly
randomly structured, networks of receptor-receptor interactions (i.e. of idiotypic interactions). From a
theoretical point of view, it is indeed conceivable that immune systems function by means of these
network properties. In other areas of biology, especially the area of neural networks, the powerful
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regulatory properties of profound network structures were demonstrated. Idiotypic network models are
developed in Part 2 of this thesis.

Another view of the immune system is concerned not with the abundant repertoire of receptors, but
with the large number of different cell types and molecules. Lymphocytes are divided into at least three
major categories: B cells, helper T cells, and cytotoxic T cells. B and T cells use different receptor
molecules, and thus each type composes such an (above-mentioned) abundant array of receptors. Helper
and cytotoxic T cells see antigen in the context of different cell bound (MHC) molecules and therefore
also have a different view of the repertoire of antigens. In addition, other cell types such as the
non-specific antigen-presenting cells (e.g. macrophages) play a crucial role in the initiation of an
immune response. All these different cell types communicate via cell-to-cell contacts and/or via the
production of signalling molecules (i.e. lymphokines). Antigenic perturbation of the immune system
will "select", from the various arrays of lymphocytes bearing different receptors, those clones that
somehow match complementarily to the antigen. Because the antigen seems to "select" the clones that

will respond, this is called "clonal selection theory" [Burnet, 1959]. The immune reaction can thus be

viewed as a process of interactions amongst many different cell types and molecules. Complex systems,
involving numerous non-linear interactions, are also known to have powerful regulatory properties.
Previously [De Boer et al., 1985], and in this thesis (i.e. in Part 1), it was shown that of all "clonally
selected" cell types helper T cells play the most crucial role in immunoregulation. Therefore our clonal
selection systems are reduced to systems of one clone of helper T cells only (Chapter 1.3, 1.4).
Non-linear interactions amongst the cells and molecules of that clone accomplish complex bioinformatic

tasks.
Immunoregulation. The central problem in modern immunology is the "functioning" of the system.

Having (partly) identified the large number of components (cells and molecules) that constitute the
immune system, we would like to find out how this complex system "works". This is the field of
"computational immunology" [Segel & Perelson, 1988; Farmer et al., 1986] or of "immunological
information processing" [this thesis]. Acquiring an understanding of the functioning of the immune
system is an important scientific challenge. As yet our understanding of how the immune system
actually functions is very primitive. To cite a lecture by W.E. Paul [1987]; "We lack a method for the
quantitative prediction of the results of manipulation of the immune system. We are only at the
beginning of the understanding of the physiologic rules of immunity.". Or, to cite the theoretician A.S.
Perelson [1988]: "The task remaining in immunology will be to understand how the individual cells in
the immune system communicate with one another in such a way as to generate coordinate behaviour
that leads to the elimination of antigen, self-nonself discrimination and phenomena such as memory and
learning.". In our bioinformatic approach this functioning of the immune system is the very question
we are addressing, i.e. we investigate the "coordinate behavior" that arises from a collection of (possibly

simple) immunological interactions.
The bioinformatic approach. Bioinformatics is defmed as the study of informatic processes in biotic

systems [Hogeweg & Hesper, 1988]. Immunological interactions process information that is typically
provided in the form of antigens (self or non-self), receptor molecules, and MHC molecules. As a result
of this information processing, the immune system responds in a coordinate way to self and to non-self
antigens. The general approach here is to formulate relatively simple models that aim to pinpoint the
most essential elements of the system. In order to establish the role of each of these elements in the
(coordinate) behaviour of the system, we usually work with series of models of varying complexity.
Given certain controlled conditions for the parameters of the model [Irvine & Savageau, 1985a; Chapter
1.1], the importance of particular immunological interactions can be established by adding and/or
removing them from the model. Thus in a minimalization series it is possible to pinpoint the
interactions that play an essential role in the generation of a particular immunological phenomenon; see
e.g. [Irivine & Savageau, 1985a, 1985k; De Boer et al., 1986; Chapter 1.1].

Whether theoretical models are detailed or minimal, they always contain a number of erroneous
assumptions. Minimal models allow insight into the incorporated interactions, but concomitantly
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neglect other, possibly important, processes of the system. Obviously, the only "correct" model of a
particular system is the whole system itself. In science, we hardly ever study a complex system as a
"whole". In experiments, one usually reduces the complexity of the system by extracting the process
that one is studying. A classical example from experimental immunology would be an in vitro
experiment. Obviously, in vitro experiments are always performed in non-physiological conditions, i.e.
they are always based on erroneous assumptions. Nevertheless, such experiments provide extremely
important insights into the way in which the immune system might be functioning. In conclusion,
whether systems are approached theoretically or experimentally, results are always based on erroneous
assumptions. In order to establish whether results apply to the system under investigation, one generally
tests whether they stand up to variations in the (erroneous) assumptions. In theoretical work one can
perform such a test explicitly by changing the model (i.e. by generating a minimalization series).
Alternatively, once one has obtained sufficient insight into the functioning of the model system, one
can predict whether or not certain extensions will make a difference.

The models in this thesis are all defined in terms of differential equations. These models were
mainly analysed by GRIND [De Boer, 1983]. GRIND is an appropriate tool for analysing models in a
minimalization series: by means of GRIND 0-isoclines of highly complex models can be projected into
more simple (i.e. 2-D or 3-D) state spaces; see e.g. [De Boer et al., 1985; De Boer & Hogeweg, 1987;
Chapter 1.1, 1.21. If such a phenomenon can be associated with certain 0-isocline configurations, the
occurrence of such a phenomenon can be analysed for a varying complexity of the model. The
correctness of such a projection can always be verified by numerical integration (see De Boer &
Hogeweg [1986] for a discussion).

Theoretical immunology. The field of theoretical immunology is very diverse. It can be sub-divided
into two disciplines: the verbal and/or philosophical models (e.g. clonal selection theory [Burnet, 1959]
or Cohn's theories on immunoregulation [Cohn, 1985; 1986]), and the mathematical and/or computer
simulation models. This thesis clearly belongs to the latter discipline. In the past 1-2 decades a large
number of such formal theoretical models theoretical models (mainly mathematical models) have been
developed for several immunological issues. The reader can obtain an overview of this diversity by
consulting various monographs; see e.g. those edited by: Bell et al. [1978], Bruni et al. [1979],
Marchuk & Belykh [1983], Marchuk [1984], Hoffmann & Hraba [1986], and Perelson [1988].

One of the main problems in theoretical immunology is that a considerable number of different
models account for the same set of immunological phenomena (such as: low zone and high zone
tolerance, self non-self discrimination, MHC restriction etc.). These phenomena are generated by a wide
variety of mechanisms. Thus, along the lines of the Hoffmann et al. [1988] calculation of the number of
facts and beliefs in immunology, it seems fair to conclude that the number of theoretical models in
immunology is also rather large. Because of the complexity of most of these models, and of the
processes by which they yield their specific results, the universe of models within the field of theoretical
immunology is rather confusing. The minimalization principle seems to supply a guideline for finding
one's way in such a universe of unrelated models. For each set of phenomena that one is interested in,
the model that is based on a minimal set of (realistic) assumptions will have to be found. Or, as
Hoffmann et al. [1988] argue: "to find a minimal set of beliefs that accounts for a maximal number of
facts". Finally, although the multitude of models that is proposed in a minimalization series increases
the model universe, such a universe gains structure and becomes less confusing because these models are
interrelated. The following two sections will give a brief review of models on the two topics of this
thesis: "clonal selection" models, and "idiotypic network" models.

Clonal selection models. For historical reasons, i.e. clonal selection theory [Burnet, 1959] is older
than idiotypic network theory [Jerne, 1974], the pioneering work in theoretical immunology considered
the clonal immune response (see Bell & Perelson [1978] for a review). The fact that, empirically, much
more was (and still is) known about B cells than about T cells, is another historical reason which shaped
the early development of theoretical immunology. A number of these early models of the B cell, i.e.
humoral, immune response are based on the Sercarcz & Coons [1962] "X, Y, Z" (i.e. precursor,
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memory, effector cell) scheme of (B-)lymphocyte differentiation. The regulation of B cell proliferation
and differentiation, and of transitions between activation stages of different life-spans (e.g. memory B
cells), are the main computational ingredients of these models; see e.g. the early papers of Jilek & Sterzl
[1970], Bell [1970, 197101, and Grossman et al. [1980]. These early models accounted for: primary
and secondary immune responses (i.e. for memory), low and high zone tolerance, and affinity
maturation. Pere lson et al. [1976, 1978, 1980] approach similar types of models from the informatic (or
computational) point of view. They analyse a series of models to find "optimal strategies" for
proliferation and differentiation, for memory cell production, and for the switch from IgM to IgG. The
regulation of B cell proliferation and differentiation, the main component of these early models, is
nowadays known to be controlled by helper T cells; see Melchers & Anderson [1986] for a review. This
thesis will emphasise the crucial importance of such helper T cells. In addition, the validity of the rigid
"X, Y, Z" scheme can be questioned because the position of memory B cells is not clear. Although
these novel empirical insights do not invalidate this early theoretical work (e.g. proliferation vs.
maturation and cellular life-spans are still very important; see below), let us now concentrate on models
that do incorporate T cell populations.

A number of models have extended the previous models for the B cell immune response with
explicit helper and/or suppressor T cell populations [Mohler et al., 1978; Beck, 1981; Prikrylová et al.,

1984, 1986; Marchuk, 1984; Kaufman & Thomas, 1985, 1987; Weinand & Conrad, 1988]. These
extended models collectively account for the same phenomena as were already described for the previous
collection of helper independent models: memory, low and high zone tolerance, and affinity maturation.
Thus although the incorporation of T cells may make these models more realistic (this is not necessarily
so, because it may also add more ambiguous assumptions), T cells do not seem to be a prerequisite for
the generation of these phenomena. This is in strong contrast with the widely accepted view that T cells
play an important role in the regulation of the immune response. T cells, especially helper T cells,
produce various factors (i.e. lymphokines) that control several immunological processes. In order to
aaalyse this regulatory role for T cells, it thus seems best to concentrate on T cells only.

The dynamics of a T cell immune response can of course be analysed by extracting the T cell core
from the above T-B cell models. The models of Prilovld and her colleagues [Prilovkaet al., 1984,
1986; Prilovld 1986] then become quite similar to our models of helper T cell proliferation: both
incorporate the autocrine production of IL2 (interleukin-2, i.e. a T cell growth factor). However, even
the isolated T cell core of the Prilovka et al. models is very complex: it involves transitions between
four helper activation stages which are regulated by macrophages, IL 1, IL2, and antigen. The most
important results reported by these authors are: memory, i.e. a rapid secondary immune response
generated by the persistence of the memory cells, and low and high zone tolerance [Prilovka, 1986]. Due
to the complexity of these models, and the absence of a minimalization series, it is still not known
whether the described tolerance resides in the B cell or in the T cell compartment of these models. It is
therefore still not clear whether tolerance is brought about by the autocrine IL2 production (a result
reported in this thesis).

Another model with an interesting core of T cell proliferation is that of Kaufman and her colleagues
[Kaufman et al., 1985; Kaufman & Thomas, 1987; Kaufman, 1988]. This central T cell core combines
two autocatalytic loops of helper and suppressor T cell proliferation. The helper population stimulates
the suppressors; the suppressors inhibit the helpers. It is elegantly demonstrated that this (minimal)
combination of autocatalytic loops is responsible for the various phenomena accounted for by the model
(i.e. a virgin state, immunity, and low and high dose tolerance generated by different paralysis states).
However, from an immunological point of view, the autocatalytic suppressor T cell proliferation is the
most questionable assumption in this model. In fact, little is known about suppressor T cells (it is even
doubtful whether they exist), and it seems equally reasonable to assume that suppressor T cell
proliferation is helper T cell dependent and, hence, not autocatalytic. Additionally, Hoffmann [1987]
criticised these models on the basis of clonal selection theory; the equations of the Kaufman et al.
models indeed fail to account for the fact that the population proliferation rate should somehow be
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proportional to the population size. Kaufman [pers. comm.] however argued that this omission does not
affect the results. Note however that in certain circumstances the same criticism applies for the network
models proposed by Hoffmann (see Chapter 2.1). The autocatalytic suppressor T cells distinguish the
Kaufman et al. models from the models in this thesis: our models try to do without suppressor cells
(and nevertheless generate similar results).

Grossman [1982, 1984] directly considers the cellular immune response (and not as a part of a
humoral immune reaction). The "balance of growth" models proposed by Grossman function by means
of the balance between proliferation and maturation. Proliferation and maturation are antagonistic: clones
that mature reduce their proliferation. By means of Darwinian selection, which can also be driven by a
general form of suppression, the "balance of growth" immune system accounts for a variety of
phenomena: specificity (and affinity maturation), memory, tolerance (including tumor sneaking through
[Grossman & Berke, 1985] and self non- self discrimination), MHC restriction, and (as shown more
recently [Grossman et al., 1986]) concomitant immunity. The balance of growth model, with all its
assumptions and results, bears similarities to the models and results presented in Part 1 of this thesis.
The proliferation threshold which is proved to be important in our models is reminiscent of the
maturation threshold of the balance of growth model. Both thresholds however have opposite effects:
populations that cross the proliferation threshold initiate expansion whereas those that cross the
maturation threshold terminate expansion. Moreover, the accumulation of (long-lived) memory cells
plays an important role in both model systems (although, again, occasioned by different mechanisms).
However, because this thesis focuses on helper T cells, Grossman's proposed "antagonism" between
lymphocyte proliferation and maturation becomes questionable. Terminal maturation into a non-dividing
end-stage has never been described for helper T cells: following antigenic restimulation, fully mature
helper T cells always seem capable of further proliferation. Moreover, the "effector" stage of helper T
cells, i.e. the stage at which lymphokines are produced, is known to coincide with proliferation (i.e. is
not a non-dividing end-stage).

Recently, Kevrekidis et al. [1988] have proposed two models, a simple and a detailed one, of helper
T cell proliferation and IL2 production. The authors elegantly apply the numerical bifurcation theory to
classify the behaviour of their models, i.e. to search the parameter space. A fair number of these
parameters have however been estimated experimentally and hence do not have to be set arbitrarily and
be searched for subsequently (see Chapter 1.4). The bifurcation analysis reveals a number of interesting
IL2 thresholds that can account for various types of behaviour. The most simple model of Kevrekidis et
al. [1988], which is used to illustrate the bifurcation method, is more complex than our simplest 1L2
model (see Chapter 1.4). Therefore, from a general point of view, the results of both types of models are
comparable: both demonstrate the importance of "proliferation thresholds" in helper proliferation. Due to
the greater complexity of the Kevrekidis et al. model these authors find more complex results.

In conclusion, the position of the (clonally selected) helper proliferation models of this thesis in the
diverse field of theoretical immunology is characterised by: the absence of suppression, and our explicit
striving for minimalisation. Moreover, we finally concentrate on self non-self discrimination [Chapter
1.3; De Boer, 1987; De Boer & Hogeweg, 1987] rather than on low and high zone tolerance. It will thus
be demonstrated that the selection of one clone of helper T cells which proliferates in an autocrine
manner is of utmost importance for immunoregulation, i.e. accounts for significant immunological
information processing.

Idiotypic network models. Idiotypic network theory was orginally [Jerne, 1974] based upon
interactions amongst B cells. Mathematical models of idiotypic networks appeared shortly after the
formulation of Jerne's theory; see e.g. Richter [1975, 1978], and Hoffmann [1975, 1978, 1979, 1980].
Richter's model was immediately criticised (and extended) by Hiernaux [1977] because it omitted influx
and efflux of the cells comprising the populations in the model. Hoffmann's model is still being
investigated; it was simplified by Gunther & Hoffmann [1982]; and it has more recently [Hoffmann,
1986] been adapted for use as a model for neural networks. The crucial difference between the two
models is the symmetry of Hoffmann's model and the asymmetry of Richter's model. That distinction is
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still very important. As will be discussed in Chapter 2.1, Hoffmann [1982] reviewed the idiotypic

network models and, for several reasons (the symmetry assumption being the most important), rejected

all of them (except for his own). In Chapter 2.1 we criticise Hoffmann's models. In this thesis a far

simpler symmetric idiotypic network model is developed. It can easily be analysed as a large (profound)

network (see also De Boer [1988]), whereas the Hoffmann model cannot (see also Hoffmann et al.

[1988]). Our model is simplified further in Chapter 2.2 (see also De Boer [1989b]).

Several, more recent, idiotypic network models are worth mentioning (see Chapter 2.1 for a more

complete list of idiotypic network models). The model of Kaufman and her colleagues [Kaufman et al.,

1985; Kaufman & Thomas, 1987; Kaufman, 1988] was already discussed in the section on clonal

selection models. The idiotypic "network" of that model is the above-mentioned interaction between

helper and suppressor T cells, which is assumed to be idiotypic. This model differs from Hoffmann's

[1978, 1979] idiotypic networks because of the presupposed distinction between helpers and suppressors,

i.e. in the model of Kaufman and her colleagues the idiotypic interaction is assumed to be stimulatory

and the anti-idiotypic interaction inhibitory. In Hoffmann's models the "suppressor" or "helper" function

is a consequence of the idiotypic circumstances [Hoffmann, 1987]. Although the model displays

interesting results, these are not due to the "profound network properties" that are investigated in this

thesis, but are due to the two autocatalytic loops. A system of merely two clones (helper and

suppressor) should, in fact, not be called a network.
Another approach to T cell networks is inspired by limiting dilution experiments; see Cooper et al.

[1984] for a review. Note, however, that these data are paradoxical [Melchers & Eichmann, 1986;

Hoffmann, 19861. Fey [Fey et al., 1983, 1984; Fey & Eichmann, 1985] analyse symmetric network

structures of the suppressive idiotypic T-T interactions that are suggested by these data. The

mathematical analysis is focused on the diversity of the T cell repertoire and the connectivity of the T

cell network, and on whether cluster-formation in the network can indeed account for the observed peaks

in the limiting dilution curves.
The direct analysis of the properties of profound idiotypic B cell networks was pioneered by Farmer

et al. [1986]; see also Perelson [1988]. Because the immune system is capable of pattern recognition,

involving learning and memory, these authors view the immune network as an ideal candidate for the

study and modelling of adaptive processes. Their interesting approach combines a profound idiotypic

network that is formulated in conventional differential equations with elements of the novel approach of

"classifier systems" [Holland, 1986]. The latter is used to select the new idiotypes for the network.

Although the direct comparison between idiotypic networks and classifier systems is incorrect, i.e.

mature B cells do not mate and do not use crossovers for the generation of offspring, this paper

pinpoints the possible "intelligent" properties of profound idiotypic networks. (Varela et al. [1988] even

speak of "cognitive" idiotypic network properties). The most interesting element of the networks

formulated by Farmer et al. [1986] and Perelson [1988] is the incorporation of novel idiotypes during

the simulation, i.e. their primary repertoire is flexible and infinite. Idiotypes are only allowed to persist

in the system if they are positively selected by the network; otherwise they are eliminated (i.e. die out)

and are replaced by new (possibly random) idiotypes. The time scale on which these novel idiotypes are

introduced, in comparison to the time scale of proliferation, however seems to be incorrect. In biotic

immune systems newborn B cells are generated atsuch a high rate that they are capable of replacing the

entire B cell repertoire in a few days. Conversely, in these models novel idiotypes are only introduced

now and again. Additionally, it seems more interesting to make these models symmetric: this would

simplify the model, and make it comparable to our models.

A very rigorous simplification of these profound network models is the "shape space" approach of

Segel and Perelson [1988, 1989]. The model incorporates an infinite one-dimensional shape space (of

idiotypes); complementary matches in this space define the idiotypic interactions in the model. The

model is "naturally" symmetric: idiotypes (i.e. positive shapes) and anti-idiotypes (negative shapes)

interact mutually according to the same interaction function (that combines stimulation and inhibition).

The authors concentrate on the trade-off between stability and controllability, and therefore aim to
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develop "nearly unstable" networks (see, for contrast, Hoffmann [1982] and the subsequent criticism of
De Boer & Hogeweg [1989a]). They succeed in doing so by incorporating "short-range activation" and
"long-range inhibition" (compare Chapter 2.2). Note, however, that in this particular system the
combination of "long-range activation" and "short-range inhibition" can also give rise to "nearly
unstable" networks [Segel & Perelson, 1989]. The "shape space" model additionally incorporates a
global inhibition function which depends on the average lymphocyte population size; this function is
required for damping the network reponse. It is not known whether such a global inhibition is
physiologically realistic. In the huge (i.e. >107 clones) idiotypic network, the expansion of justa few
clones (idiotypes and anti-idiotypes) should hardly influence the global average clone size. The absence
of damping, i.e. our "extensive percolation problem", is our main objection to profound idiotypic
network structures.

The position of the networks in this thesis within the field of formal idiotypic networks is thus
characterised by: 1) our symmetry assumption, 2) the absence of suppression (in agreement with Part 1
of this thesis), 3) our simple idiotypic interaction function (which is based on the efficacy of
crosslinking), and 4) the incorporation of T-B cooperation (Chapter 2.3). Moreover, we see "extensive
percolation" and "semi-chaotic behaviour" as obstacles for the coordinate behaviour of idiotypic
networks. The same network properties can (romantically [Minsky & Papert, 1972]) also be interpreted
as the basis of "intelligence" or "cognition".

This Thesis. We first (i.e. in Part 1) develop clonal selection models. The "computational
ingredients" of these models are the life-spans of different cells types or stages and an autocatalytic
proliferation process. Memory is accounted for by long-lived cells. Secondly (in Part 2) we develop
idiotypic network models. In these models proliferation is no longer autocatalytic and all cells are
short-lived. Thus, in order to investigate the properties of profound networks of idiotypic interactions,
the computational ingredients of Part 1 are omitted in Part 2.

In Chapter 1.1 we analyse a series of clonal selection models based on "once-only" proliferation.
This pinpoints the difference in the life-span of "effector" and "precursor" cells as the crucial regulatory
parameter in the model. In Chapter 1.2 these findings are extended to "proliferative" immune reactions.
Although these models are radically more complex, the same life-span parameters determine the
development of tolerance to the antigen. In the proliferative models, tolerance is maintained by a
proliferation threshold that turns out to be intrinsic to the autocrine IL2 proliferation. In Chapter 1.3we
show that similar processes, i.e. transitions in cellular life-spans in combination with a proliferation
threshold can also give rise to self non-self discrimination. These processes are called "precursor
depletion" and "memory accumulation". In Chapter 1.4 these findings are confirmed with a parameter
setting that is based largely on empirical (i.e. in vitro) findings.

In Chapter 2.1 it is shown that symmetric idiotypic interactions can readily account formemory by
a stable state switch from a virgin to an immune state. The idiotypic clone is kept immune (i.e. at an
active elevated level) by the anti-idiotypic clone. However, such idiotypic interactions cannot account for
proliferation regulation, i.e. for the suppression of a proliferating clone. In Chapter 2.2 these results are
extended to profound, i.e. high-D networks. It is demonstrated that memory phenomena imply endless
activation of the network, i.e. imply "extensive percolation" of the idiotypic signal. We think this is
unrealistic. The same idiotypic networks are extended with helper T cells in Chapter 2.3.
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In this paper we present a series of models on cytotoxic T-cell activation
derived, by successive simplifications, from the model for Tumor Escape
from Immune Elimination of Grossman & Berke (1980). In their model
Grossman & Berke (1980) investigate the "sneaking through" phenomenon,
by which they mean that small tumors grow progressively, medium-sized
tumors are rejected and large ones break through again. We define precursor
bound cytotoxicity models as systems incapable of infinite proliferation.
We show that sneaking through can occur in a broad class of very simple
precursor bound cytotoxicity models due to the depletion of the precursor
cells. The simplest process by which precursors can be depleted is long-
lasting antigenic stimulation. We conclude that in precursor bound
cytotoxicity models sneaking through does not need the rather intricate
combination of counteracting feedback loops, memory and blocking
described by Grossman & Berke (1980).

1. Introduction

Grossman & Berke (1980) describe a simple mathematical model for the
interactions between a tumor and a part of the cell-mediated immune
response, i.e. the activation of cytotoxic T-lymphocytes. The immune
response to a tumor involves several different cell populations, e.g.
macrophages, lymphocytes (B-, T-, NK-, K-cells), polymorphonuclear cells
and mast cells. Simple kinetic models (mini models) of the anti-tumor
response tend to take only one aspect of this reaction into consideration
and are therefore always incomplete from an immunological point of view.
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In the Grossman & Berke model a tumor is attacked by cytotoxic T-
lymphocytes (CTL) that are generated upon T-cell contact with the tumor.

It is indeed generally accepted that the cell-mediated immune response
plays an important role in tumor immunology. The effector cells that are
generally considered to play a role in cellular immunity to tumors are:
cytotoxic T-Iymphocytes ( Miller & Heppner 1979; Schirrmacher et al., 1979),

cytotoxic macrophages (Haskill, Proctor & Yamamura 1975; Peri et al.,

1981) and natural killer (NK) cells (Herbermann, 1983).

Current concepts about T-cell activation involve a separation of T-
lymphocyte populations (into helper and cytotoxic cells), antigen presenta-
tion by macrophages to lymphocytes and lymphocyte activation by factors
derived from macrophages. The Grossman & Berke model thus only rep-
resents one aspect and not necessarily the most important aspect of the
anti-tumor response (i.e. CTL induction). Furthermore, the process of CTL
induction is known to be more complex than is specified in their model.
Nevertheless, the Grossman & Berke model has proved to be a good
paradigm system (as defined by Hogeweg & Hesper, 1978, 1981) for the
study of non-monotonic growth patterns of tumors such as the sneaking
through phenomenon.

This "sneaking through" phenomenon, "where small amounts of tumor
cells grow progressively, medium-sized amounts are rejected, and large ones
break through again" (Grossman & Berke, 1980) is one of the most interest-

ing features of the model. Since spontaneously arising tumors always start
from a single cell (tumors are monoclonalCurrie, 1976) it might be argued

that the sneaking through phenomenon is only important in experimental
situations. However, as Grossman & Berke argue, tumors during their life

time exhibit several related non-monotonic or multiphasic growth patterns,
e.g. rapid growth after a period of latency. The Grossman & Berke model
was designed in order to study whether such phenomena could be due
simply to the kinetics of the lymphocyte activation system itself and therefore

would not need more complex explanations like an alteration in the tumor's
antigenic determinants (Boyse & Old, 1969). In this paper we investigate

whether models simpler than the Grossman & Berke model can also account

for such non-monotonic growth patterns.
The model, as formulated by Grossman & Berke (1980), see Fig. 1,

incorporates two features which in combination enable "a small tumor to
bridge the gap between the low and high zone, without eliciting a strong
response" (p. 269). The two factors are:

I. A positive feedback loop in the activation pathway of cytotoxic cells
which in the case of medium-sized tumors rapidly generates a large number
of precursor cells: moreover, the tumor size has to exceed some critical
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value, 'the second activation threshold', before the rate of second activation
necessary for the generation of cytotoxic T cells outweighs the rate at which
once-activated cells return to the resting stage.

2. A negative feedback causql by blocking factors (i.e. shed antigen
molecules) which are slowly released by living tumor cells and which are
released after lysis of tumor cells. The latter process is quantitatively more
important.

FIG. I. Schematic illustration of the Grossman & Berke model: I =precursor stage, 2=
activation stage, 3 = effector stage, UNPRM = unprimed cells, MEM =memory cells, ACT=
once-activated cells, CTL = cytotoxic T-Iymphocyte, TUMOR =tumor cells (coated with
antigen), SHEDAG = shed antigen.

The present paper shows that the presence of these two counteracting
feedback mechanisms is not a prerequisite for sneaking through behaviour.
Several models which lack these feedback loops but incorporate the assump-
tion that cytotoxic cells emerge (after one proliferation step) from a rate-
bound precursor population also show sneaking through behaviour. In these
models an initially small tumor eventually grows in an uncontrolled manner
after the tumor has depleted the precursor population. In models in which
precursors can be generated by endless proliferation (as in the Grossman
& Berke model) however, sneaking through needs a more complex explana-
tion. Such a proliferation cycle will have to be shut off by some blocking
factor.

2. Methods

In this paper we use a "multi-model-fixed parameter" approach to investi-
gate the circumstances in which sneaking through behaviour occurs. The
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various models were investigated by means of two program systems: GRIND

(De Boer, 1983) enables the user to analyse the static properties of a model
by numerical computation of 0-isoclines, as well as to analyse the dynamic

behaviour by numerical integration; DEASIM (Stafleu, 1979) allows

numerical integration of models incorporating time delays. The integrator
implemented in GRIND is ROW4A (Gottwald & Wanner, 1981), the one

implemented in DEASIM is the algorithm of Bulirsch & Stoer (1966).

3. Precursor Bound Cytotoxicity Models

(A) INTRODUCTION

We define precursor bound cytotoxicity models as activation schemes
based on the assumption that the population of cytotoxic effector cells does

not sustain itself by cell division but depends on the influx of new cells
from one or more precursor populations. Proliferation in precursor bound
cytotoxicity systems is a "once-only" occurrence, i.e. after cells have prolifer-

ated they do not proliferate again. By contrast, "proliferative systems" (to

which the Grossman & Berke model with its particular parameter setting
belongs) can generate an infinite number of effector cells from a limited

precursor population by repeated proliferation. The maximum cytotoxic

response of precursor bound cytotoxicity models is limited by the size of

the precursor population: tumors large enough to cope with the maximum

response therefore always break through. Progressive growth of small tumors

and the rejection of a set of larger ones thus suffice to demonstrate sneaking

through in such models. Note that the saturation term in the killing rate of

the current models enhances the breakthrough of large tumors. In order to
pinpoint more closely the factors responsible for the progressive growth of

small tumors in precursor bound cytotoxicity models we develop a series

of simplifications of the Grossman & Berke model.

(B) THE GROSSMAN & BERKE MODEL

The Grossman & Berke (1980) model is based on the following three
main assumptions (see Fig. I ):

I. Two-step activation is necessary to transform a precursor cell into an

effector (cytotoxic) cell.
2. Memory cells (functionally identical with precursor cells) are formed,

upon proliferation, from activated cells that are not stimulated again.

3. Shed antigen molecules released by the tumor, especially following
tumor cell lysis, block the activation of the non-effector cells.
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Formal representationt of the Grossman & Berke model:

d(UNPRM)/dt = s e' * UNPRM

a * UNPRM * (TUMOR + SHED) (I)

d(MEM)/dt = e * ACT( t t')

a * MEM * (TUMOR+ SHED) e' * MEM (2)

PREC = UNPRM + MEM (3)

d(ACT)/dt = a * PREC * TUMOR

a' * ACT * (TUMOR + SHED) d * ACT (4)

d(CTL)/dt = a" * ACT( t t") * TUM( t t") c * CTL (5)

d(TUMOR)/dt = b * TUMOR

P * TUMOR * CTL/(0/ a +TUMOR) (6)

d(SHED)/dt = b' * TUMOR b"* SHED

+ k * * TUMOR* CTL/(p/cr +TUMOR) (7)

Note that for the sake of our argument the equations have been rewritten
so that:
cells emerging from the positive feedback loop (MEM) are formulated

explicitly,
shed antigen (SHED) is treated as a separate entity (and not as part of

the total amount of antigen),
the killing term shows the conventional Michaelis Menten constant (0/ a)

(cf. Merrill, 1982).
Unprimed cells (UNPRM) have a constant influx (s) and efflux (e'). They

become activated on encountering tumor cells (TUMOR), or become
blocked by free antigen molecules (SHED) (1). Like uprimed cells, activated
cells (ACT) can be stimulated (after which they become cytotoxic) or
blocked (4). If, however, ACT cells fail to encounter antigen (TUMOR or
SHED) they return to the memory (MEM) stage. Effector cells (CTL) are
formed from stimulated activated cells after a proliferation (a"> a') stage
of t" hours (5). Memory cells (MEM), on the other hand, are formed from
unstimulated activated cells after some proliferation (e > d) for t' hours
(2). The total precursor population (PREC) is composed of unprimed and

± In order to increase readability, mnemonics are used for the variables of the model;
parameter names are identical to those in Grossman & Berke (1980).
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memory cells (3). Tumor cells (TUMOR) grow exponentially, and are killed
by cytotoxic effector cells (6). This killing term has a Michaelis-Menten
limitation (KM = (31a). Shed antigen molecules (SHED) are released by
living tumor cells, and upon tumor cell lysis (7). They are removed or decay,

at a rate 6".
The parameters of the Grossman & Berke model were chosen on the

basis of experimentally known orders of magnitude (Grossman & Berke,
1980; see appendix). Note that the fact that a' << a and that d » e' enlarges
the positive feedback loop and, consequently, increases the sneaking through
possibilities of the model. The sneaking through behaviour of the model is

demonstrated for two different parameter settings (their Fig. 3-6 and Fig.

6-7 respectively). In the second setting the influx of unprimed cells is
increased 100-fold, and the tumor grows 1.5-times faster (the various par-
ameter settings are specified in the appendix).

The sneaking through phenomenon can be described as follows: (1) a
small tumor grows slowly initially and has elicited only a weak cytotoxic
response by the time it reaches its second activation threshold; subsequently
its growth accelerates in an increasingly uncontrolled manner; (2) a medium-
sized tumor is quickly eliminated by a large population of cytotoxic cells
(it may increase during the first few days); and (3) a large tumor grows
undisturbed from the beginning.

With regard to the counteracting feedback loops in the Grossman & Berke

model, we observe that almost no memory cells (i.e. the positive feedback
loop) are formed by large tumors because once-activated cells (ACT) are
immediately restimulated. An intermediate tumor is likely to be rejected
because the precursor population, and therefore the maximum cytotoxic
response, increases due to the memory feedback loop. The negative feedback
(i.e. the blocking factor) is most important in the case of small tumors
because a large amount of shed antigen molecules prevents the memory
cells formed from becoming cytotoxic when the tumor reaches its second
activation threshold. The blocking factors have accumulated during the first

growth phase and their amount increases steeply when the first cytotoxic
cells emerge (i.e. at the second activation threshold).

(C) MODEL WITHOUT THE MEMORY FEEDBACK

So far little is understood about the process of memory T-cell induction
and their subsequent restimulation. See Jerne (1984) for an interesting
discussion on the factors controlling the longevity of T-cells. Smith (1984),
for instance, suggested that memory T cells are the same as effector cells
but have lost their interleukin 2 (IL2, growth factor) receptor. Cells require
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antigenic restimulation for the (re)expression of the IL2 receptors. By
contrast, Lefrancois et aL (1984) demonstrate that memory T-cells can be
reactivated simply through the addition of IL2. Memory cells in the Gross-
man & Berke model however are identical to precursor cells, i.e. they require
antigenic restimulation (twice) for maturation into effector cells. Moreover,
MEM cells derive from antigen-primed cells (ACT), and not from effector
cells. In order to investigate the role of the positive feedback loop in the
generation of sneaking through, we omit the memory cells; the problems
mentioned above are thus evaded. If memory is omitted from the model,
i.e. the second activation threshold is deleted, the model still performs
sneaking through behaviour (see Fig. 2).

Formal representation, no memory:

d( FREE)/ dt = s e' * PREC a * PREC * (TUMOR + SHED) (8)

d(ACT)/dt = a * PREC * TUMOR

a' * ACT * (TUMOR + SHED) d * ACT (4)

d(CTL)/d t = a" * ACT( t t") * TUM( t t") c * CTL (5)

d(TUMOR)/dt = b * TUMOR

/3 * TUMOR* CTL/(13/ a +TUMOR) (6)

d(SHED)/dt = b' * TUMOR b"* SHED

+ k * p* TUMOR * CTL/(0/ a TUMOR) (7)

The parameters we use are the same as those in the first Grossman & Berke
parameter setting (see the appendix), with two exceptions: the influx of
precursor cells was increased (10-fold) because the precursor population
is incapable of further expansion, and the efflux of once-activated cells (d)
was made equal to that of precursor cells (e'). Note that d only represents
decay here, and not the rate of transformation into memory cells.

The small tumor (Fig. 2(a)) still sneaks through because 1) the accumu-
lated shed antigen molecules block the precursor cells and 2) the precursors
are depleted by activation during the long period of latency (latency in this
model is caused by slow tumor growth outweighing a weak attack). The
generated once-activated cells decay as long as the tumor is sufficiently
small (i.e. when a' * ACT * TUM d * ACT). The generation of a threshold
in the response is therefore an intrinsic feature of a two-step activation.
The threshold in this model, however, occurs at a much smaller tumor size
than the threshold in the models with memory feedback. A medium-sized
tumor (Fig. 2(b)) is rejected because it generates many CTLs, whereas a
larger tumor (Fig. 2(c)) is able to survive this attack and continue its growth.
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A phase portrait of this model is shown in Fig. 2(d). The isocline planes
of PREC' = 0, CTL' = 0 and TUMOR' = 0 are depicted: ACT (equation (4))
and SHED (equation (7)) are assumed to be at their steady state values.
In the absence of antigen the size of the precursor population equals s 1 e',

depicted at the front of the cube: all trajectories start there at CTL = 0.

Henceforth we indicate the initial direction of the trajectories in the phase
space by three arrows in the left-hand corner of the side of the cube at
which TUMOR = 10-4, CTL = 10-5 and PREC = initial value. Because both
TUMOR and CTL increase below their respective isocline planes (i.e. when
CTL is small), tumor rejection can occur only if the CTL' = 0 plane is above
the TUMOR' = 0 plane: only then can the trajectory penetrate into the
region where TUMOR decreases. The picture shows the effect of a decrease
in the precursor population (by depletion and/or blocking): tumor rejection
becomes impossible when the trajectory moves from the front of the cube,
where the TUMOR' = 0 and the CTL' = 0 plane intersect (Fig. 2(f)), to the
back, where the CTL' = 0 plane falls below the TUMOR' = 0 plane (Fig.
2(e)). Tumor rejection is facilitated by a larger influx of precursor cells (cf.
the 10-fold increase in the current parameter setting) because the volume
of the region where CTL increases and TUMOR decreases is larger at larger
PREC values.

(D) MODEL WITHOUT BLOCKING FACTORS

The role that shed antigen plays in blocking the immune response is open
to discussion. Shed antigen may induce suppression by activating suppressor
T cells (Nepom, Hellström & Hellström, 1982), or it may block the activity
of effector cells or the activation of precursor cells. Grossman & Berke
(1980) incorporated the latter possibility in their model. Shed antigen seems
however to serve as a "general purpose explanation" for the failure of
immune responses in tumor immunology. We further simplify by omitting
the blocking factor, again evading the problems mentioned above.

Formal representation, no blocking:

d(UNPRM)/dt = s e' * UNPRM a * UNPRM *TUMOR (9)

d(MEM)/dt = e * ACT( t t') a * MEM *TUMOR e' * MEM (10)

PREC = UNPRM + MEM (3)

d( ACT)/ d t = a * PREC * TUMOR a' * ACT * TUMOR d * ACT (II)

d(CTL)/dt = a" * ACT( t t") * TUM( t t") c * CTL (5)

d(TUMOR)/dt = b * TUMOR

13 * TUMOR* CTL/(13/ a +TUMOR) (6)
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The deletion from the model of the inhibitory effects that are due to shed
antigen increases the model's response. As a compensation we decreased

the influx of unprimed cells (10-fold) and increased the growth rate of the
tumor (2-fold), as compared with the Grossman & Berke parameter setting.
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For this (adjusted) parameter setting, small tumors are always rejected
due to the unlimited generation of memory cells during the first growth
phase. The huge pool of memory cells generates a large wave of cytotoxic
cells when the tumor reaches its second activation threshold (Fig. 3 day
15). So only tumors over a certain size will be able to break through in this
particular system, i.e. one which generates such a large amount of memory
cells. However, if we examine the time scale on which rejection occurs we
find that medium-sized tumors regress far earlier than smaller tumors
(compare Fig. 3(a) and 3(b)): a small tumor first has to reach its second
activation threshold before it will elicit a cytotoxic response.

The phase portrait of this model (Fig. 3(d)) and that of the previous one
are very similar. However, because the precursor population increases for
a large range of tumor sizes (due to the formation of memory cells), the
initial value of PREC is depicted at the back here. Trajectories thus move
towards the front. Correspondingly, in the initial situation the CTL'=
plane lies below the TUMOR' = 0 plane (Fig. 3(e)). The trajectories of small
and intermediate tumors move forwards, and the tumor is rejected.

According to this parameter specification an unlimited number of memory
cells can be formed at a high rate. This rules out sneaking through since
these cells are not blocked by shed antigen. However, the generation of
memory cells does not in itself imply the elimination of sneaking through;
it only does so if it results in the accumulation of precursor cells. This
model does perform sneaking through behaviour when the rate of memory
cell induction is sufficiently small (e.g. when e =1 and all other parameters
are identical to those of the model described below).

(E) MODEL WITHOUT MEMORY AND WITHOUT BLOCKING FACTORS

If both the positive and the negative feedback are removed, we are left
with a simple model which is still capable of displaying sneaking through
behaviour.

Formal representation, no memory, no blocking:

d(PREC)/dt = s e' * PREC a * PREC* TUMOR (12)

d( ACT)/ = a * PREC * TUMOR a' * ACT * TUMOR d * ACT (11)

d(CTL)/dt = a" * ACT( t t") * TUM(t t") c * CTL (5)

d(TUMOR)/dt = b * TUMOR

-0* TUMOR* CTL/(/ a +TUMOR) (6)

This model pinpoints the most essential element for sneaking through
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behaviour in this simplification series: the reason why initially small tumors

(Fig. 4(a)) eventually break through is that, during the period of latency,
the precursor population is depleted by activation. The generated activated

cells decay. If the precursor population is depleted by the time the rate of
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second activation outweighs this decay, the tumor grows without eliciting
a cytotoxic response. Medium-sized tumors (Fig. 4(b)), again, have to cope
directly with the much larger steady state precursor population and are
therefore rejected.

Figure 4(d) is essentially analogous to Fig. 2(d): trajectories begin on the
CTL = 0 line of the front plane of the cube (Fig. 4(f)), and depletion of
precursors causes the CTL' = 0 isocline plane to disappear below the
TUMOR = 0 plane (Fig. 4(e)), thus allowing sneaking through of the tumor.
Large tumors start in a region with a fast increase of CTL; trajectories thus
move upwards, pass through the TUMOR' = 0 isocline plane and the tumor
is rejected.

We used the first Grossman & Berke parameter setting, but increased the
influx of precursor cells (10-fold) as in section 3(c) in order to compensate
for the lack of precursor expansion via the memory pathway, and we
increased the growth rate of the tumor (2-fold) as in section 3(D) in order to
compensate for the lack of blocking factors (see the appendix). In addition,
the decay of once activated cells was made 100-fold larger than the decay
of precursor cells in order to enlarge the threshold effect responsible for
sneaking through in this model. Note that the efflux of ACT cells was even
larger in the original Grossman & Berke setting.

F) MODEL WITHOUT TWO-STEP ACTIVATION

In order to analyse whether sneaking through depends on a threshold
caused by a two-step activation, we deleted the once-activated cells. This
leads to the model described below.

Formal representation, single step activation:

d(PREC)/dt = s e' * PREC a * PREC * TUMOR (12)

d(CTL)/d t peal * a * PREC( t t") * TUM( t t") c * CTL (13)

d(TUMOR)/dt = b * TUMOR

f3 * TUMOR * CTL/(0 /a +TUMOR) (6)

This model performs sneaking through behaviour when the degree of
proliferation, affecting the magnitude of the maximum response, and decay
of cytotoxic cells are large. The few cytotoxic cells generated per unit of
time by a small tumor have little effect and decay quickly: the tumor (initially
of size 0-001) sneaks through in 190 days. A medium-sized tumor generates
a large wave of CTLs and is quickly eliminated (see Fig. 5(b)).

The parameters are the same as in the previous model (b = 0.4, s = 0.002)
except for the decay of cytotoxic cells (c) which was increased 10-fold, and
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for the proliferation, which was increased 2-fold (prol = 20) (see the appen-
dix). This parameter setting was chosen in order to obtain a phase space
(Fig. 5(d)) qualitatively analogous to that of the previous model (i.e. a
CTL' = 0 plane moving from above (Fig. 5(f)) to below (Fig. 5(e)) the
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TUMOR' = 0 isocline plane along the PREC dimension). This high rate of
CTL decay is however quite reasonable because cytotoxic effector T-cells
are reported to be short-lived (Hobart & McConnel, 1975 p. 95; Jerne, 1984).

(G) MODELS WITHOUT TIME DELAYS

The deletion of time delays does not affect the sneaking through capacities
of any of the models.

4. Discussion

The purpose of the stepwise simplifications of the Grossman & Berke
model was to pinpoint the minimal requirements for the occurrence of the
sneaking through phenomenon. After we deleted those processes that are
apparently superfluous to sneaking through we show that in precursor bound
cytotoxicity models precursor depletion by long-lasting activation suffices
for the generation of the phenomenon. Thus we did not intend to improve
the model from an immunological point of view: much larger models are
needed for that (e.g. De Boer et al., in press). However, the insight obtained
with the help of the "mini models" studied here markedly facilitates the
analysis of sneaking through in such more complex models (manuscript in
prep.).

We concentrated on the existence of one phenomenon (sneaking through)
in a variety of models based on a uniform set of parameters. The set of
models consists of a series of simplifications in which all changes of
parameter values have been kept within the range of the original model. It
is extremely difficult to determine experimentally the precise pattern of
direct interactions between variables (e.g. cell types) in systems like the
immune system. On the other hand, the order of magnitude of the total
contribution of (lumped) subsystems (e.g. the lymphocyte system) can
usually be assessed more easily. For example, cell counts on the different
cell types provide an easy estimate of the relative importance of each
variable. In such a situation experimentally Known phenomena can best be
studied by a multi-model-fixed-parameter approach, as introduced here.
The interaction structure of the (minimal) models that generate the experi-
mentally observed phenomena provides insight into these phenomena, and
the model's interaction structure should serve as a guideline for further
experimental work on the direct interactions in the biotic system.

In all the precursor bound cytotoxicity models developed here sneaking
through occurs after depletion of the population of effector cell precursors.
Long-lasting activation of the precursor population is the most simple
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process by which this depletion can occur. When memory cells cause an
expansion of the precursor population (i.e. in the proliferative models)
sneaking through will occur only if these extra precursor cells are blocked
by shed antigen.

Current views on T-Iymphocyte activation cast doubt on whether these
activation systems in fact belong to the class of precursor bound cytotoxicity
models. T-Iymphocytes are known to be composed of two functionally
different populations, namely helper T-cells and cytotoxic T cells (Cantor
& Boyse, 1975a, b). The signal initiating proliferation after antigenic stimu-

, lation is interleukin 2 (IL2, growth factor), which is produced by activated
helper T cells (see Wagner et al., 1980 for a review). Cells generated by IL2
induced proliferation do not revert to a precursor stage (as they do in the
Grossman & Berke model) but divide repeatedly upon restimulation by IL2
and antigen (Smith, 1984). The latter is required for the re-expression of
the IL2 receptors (Smith, 1984). The most important difference between
such a (proliferative) activation scheme and precursor bound cytotoxicity
systems is that an unlimited number of effector cells can be formed from
a limited number of effector cells (Gillis et al., 1979). Thus, depletion of
precursors would seem to be of no importance because an allergic reaction,
once started up, is able to free itself from the influence of precursor cells
because of endless proliferation. However we have found (manuscript in
prep.) that a form of precursor depletion is responsible for sneaking through
in models that do specify T cell populations with endless proliferation (De
Boer et al., in press).

Recent reports suggest that a lymphoid differentiation factor is required
for maturation of proliferating cells of the CTL line (Raulet & Bevan, 1982;
Wagner et al., 1982). This was convincingly demonstrated before for B-cells,
see Melchers & Andersson (1984) for a review. Antigenic restimulation
serves as such a "maturation signal" in the Grossman & Berke model.
Systems in which the proliferating cells mature into non-dividing effector
cells are prone to precursor depletion due to "over-maturation" (Grossman,
1982). If such a system is challenged with high doses of antigen, then the
rate of maturation of activated cells far exceeds the proliferation rate of
these cells. Consequently, precursors become depleted and relatively few
effector cells are generated (Grossman, 1982). Precursor depletion that
causes sneaking through is different since it occurs when the system is
challenged with low doses of antigen. Furthermore, our precursor bound
systems lack the antagonistic distinction between a proliferation cycle and
a maturation step (see Grossman, 1982). (Note that this discussion concerns
CTL differentiation from its proliferation stage to its effector stage only:
differentiation from the precursor to the proliferation stage (Finke et al.,
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1983; Hancock, Kilburn & Levy, 1981; Männel, Falk & Dröge, 1983) is
implicit in the first activation step.)

Precursor depletion may, additionally, be a valuable concept for the
analysis of the macrophage or the natural-killer response to tumors.
Macrophage populations for instance, are not self-sustaining, but depend
on their bone marrow-derived monocyte precursors (Blusse van Oud Alb las,
Matti & Van Furth, 1983). Monocytes may undergo a division shortly
after their arrival in the tissue but do not proliferate at the effector stage
(Van Furth et al., 1980). It is generally accepted that macrophages play a
role in the anti-tumor immune response (Hibbs, 1974; Den Otter, Evans &
Alexander, 1972; Den Otter et al., 1977). We have recently investigated
models in which interactions between proliferative T-Iymphocyte systems
and a precursor bound macrophage system generate anti-tumor immune
responses (De Boer et al., in press; De Boer & Hogeweg, in prep.).
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Department of Experimental Pathology. We thank Prof. W. Den Otter, Dr H. F. J.
Du liens and Dr R. A. De Weger for discussing many problems and for critically
reading the manuscript. Dr Roel De Weger played an important role in shaping our
current outlook on the immune system. We highly appreciate the helpful criticisms
of Drs Grossman & Berke. We thank an anonymous reviewer for his/her suggestions.
We thank Dr D. Lauffenburger for discussing preliminary results. We are grateful
to Miss S. M. Mc Nab for linguistic advice and to Mr D. Smit for drawing the
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APPENDIX

Parameter setting of the models

Grossman and Berke Simplified Models

Setting 1 Setting 2 No MEM No SHED
No SHED
No MEM

No SHED
No MEM
Single

s

e'
0.0002
0.02

0.02
0.02

0.002
0.02

0.00002
0.02

0.002
0-02

0.002
0.02

a 10 10 10 10 10 10

a' I I I 1 I -
prol =

a" 10 10 10 10 10 20

d 5 5 0.02 5
i -

e 15 15 - 15 -
0-1

-
c 0-1 0.1 0.1 0.1 1.0

b 0.2 0.3 0.2 0.4 0.4 0.4

b' 0.5 0.5 0.5 - - -
b" 0.1 0.1 0.1 - - -
a 10 10 10 10 10 10

Al 3.33 2 3.33 3.33 3.33 3-33

k 0-05 ??? 0.05 -
0.5

-
0.5

-
0.5

t' 0.5 0.5 0.5

t" 1.5 1.5 1-5 1.5 1.5 1.5
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Interactions between Macrophages and T-Iymphocytes: Tumor
Sneaking Through Intrinsic to Helper T cell Dynamics
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The Netherlands
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In a mathematical model of the cellular immune response we investigate immune
reactions to tumors that are introduced in various doses. The model represents
macrophage T-lymphocyte interactions that generate cytotoxic macrophages and
cytotoxic T-lymphocytes. In this model antigens (tumors) can induce infinitely large
T-lymphocyte effector populations because (a) effector T-lymphocytes are capable
of repeated proliferation and (b) we have omitted immunosuppression. In this
(proliferative) model small doses of weakly antigenic tumors grow infinitely large
(i.e. sneak through) eliciting an immune response of limited magnitude. Intermediate
doses of the same tumor induce larger immune responses and are hence rejected.
Large doses of the tumor break through, but their progressive growth is accompanied
by a strong immune response involving extensive lymphocyte proliferation. Similarly
a more antigenic tumor is rejected in intermediate doses and breaks through in large
doses. Initially small doses however lead to tumor dormancy. Thus although the
model is devoid of explicit regulatory mechanisms that limit the magnitude of its
response (immunosuppression is such a mechanism), the immune response to large
increasing tumors may either be (a) a stable reaction of limited magnitude (experi-
mentally known as tolerance or unresponsiveness) or (b) a strong and ever increasing
reaction. Unresponsiveness can evolve because in this model net T-lymphocyte
proliferation requires the presence of a minimum number of helper T cells (i.e. a
proliferation threshold). Unresponsiveness is caused by depletion of helper T cell
precursors.

Introduction

The "sneaking through" phenomenon is defined as the progressive growth of tumors
that are introduced in small numbers whereas, all other circumstances being equal,
initially larger tumors are rejected (Klein, 1966). For other antigens similar
phenomena have been described as low-zone tolerance: the repeated stimulation of
an immune system with small doses of antigen renders that system tolerant (unre-
sponsive) to that antigen (Mitchison, 1965). Sneaking through (or "dilution escape")
has experimentally been observed repeatedly (Humphreys et al., 1962; Old et aL,
1962; Potter et al., 1969; Marchant, 1969; Bonmassar et al., 1974; Mengersen et al.,
1975; Prehn, 1976; Naor, 1979; Kearny & Harrop, 1980; Gatenby et al., 1981).
Marchant (1969) states that sneaking through becomes more pronounced after
previous immunization. Priming with sub-immunogenic tumor doses (i.e. low zone
toleration) facilitates the subsequent escape of intermediate sized tumors which
would otherwise be rejected (Mengersen et aL, 1975; Gatenby et aL, 1981). No
general immunological explanation for sneaking through is yet available; several
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authors however suppose that suppression is involved (Bonmassar et al., 1974;

Mengersen et al., 1975; Naor, 1979; Gatenby et al., 1981].
Sneaking through however occurs irrespective of the presence of suppression

and/or blocking in several precursor bound cytotoxicity models (De Boer &
Hogeweg, 1985). Systems are precursor bound when effector cells emerge from a
bounded precursor population. Proliferation in precursor bound cytotoxicity systems
is a "once-only" occurrence: cells that have proliferated do not do so again. In
these models precursor populations are bounded by the rate at which "virgin"
precursors emerge and the rate of precursor decay. The maximum immune response
of these precursor bound cytotoxicity models thus equals the numberof proliferation
cycles times the maximum (steady state) precursor population. In precursor bound
cytotoxicity models sneaking through occurs after the depletion (by slow but pro-
longed activation) of the precursor population. On the other hand systems that do
incorporate repeated proliferation can generate an infinite number of effector cells
from a limited precursor population and are here referred to as "proliferative". In
the Grossman & Berke (1980) proliferative model sneaking through was demon-
strated to depend on some form of blocking or suppression when unlimited
expansion of T-Iymphocytes is incorporated (De Boer & Hogeweg, 1985; Grossman
& Berke, 1980). In this paper we investigate sneaking through in a proliferative
system that lacks any form of suppression/blocking.

Tumor escape mechanisms (suppression, antigenic modulation, antigenic
heterogeneity) have been deliberately omitted from the present model, which was
presented previously [De Boer et al., 1985]. Explicit regulatory mechanisms for
sneaking through are therefore not incorporated in our model. Suppressor T cells
are generally considered to play a crucial role in the regulation of the immune
response, e.g. Green et al., (1983). However, only by omitting suppression are we
able to investigate whether sneaking through (or low zone tolerance) indeed depends
on the activity of immunosuppresive mechanisms. Generally, the role of explicit
tumor escape mechanisms can thus be studied by the incorporation of these processes
in models that are simultaneously analysed without them.

The Model

Here we investigate a model which we have analysed before (De Boer et al.,

1985), only one parameter (i.e. effector longevity) having been changed. That model

was devised to investigate how far the incorporated interactions go in generating
experimentally known phenomena, i.e. without the aim of incorporating sneaking
through. The model (see Fig. 1 and Table 1) incorporates: (I) induction of cytotoxic
T-Iymphocytes, (II) antigen presentation by macrophages, which leads to (III)
activation of helper T cells, and (IV) production of lymphoid factors which in turn
induce (a) cytotoxic macrophages, (b) T-lymphocyte proliferation, and (c) an
inflammation reaction.

In the model we only consider T-Iymphocytes that have sufficient affinity to the
tumor associated antigens for activation. Note that only a few T-Iymphocytes have
specificity for each particular tumor (tumors are weakly antigenic). Differences in
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FIG. I. The cell interactions represented by the model. Tumor cell killing is effected by two types of
effector cells: cytotoxic T-lymphocytes (CTL) and cytotoxic macrophages (ANGRY). Cytotoxic T cell
precursors (CTLP) transform into effector cells (CTL) upon contact with tumor cells. The generation of
angry macrophages on the other hand depends on a scale of events. Transformation of normal
macrophages ( MPH) into cytotoxic ones (ANGRY) is caused by factors (FACTOR) released by activated
helper T cells (HTL) when these are restimulated by tumor cells. Helper precursor cells (HTLP) become
activated upon interaction with antigen-presenting macrophages (APC) that appear upon the processing
of accumulated tumor cell debris (DEBRIS). Activated T-Iymphocytes (CTL and HTL) proliferate in
response to interleukin 2 (FACTOR); activated macrophages on the other hand can only be generated
from their precursors. Note (see Table 1) that the increased influx of unprimed precursors (CTLP, HTLP
and MPH) during an inflammation reaction and the cytotoxic activity of ANGRY macrophages are not
indicated in the figure. If the model is extended with HTL-dependent CTL activation and/or with
interleukin 1 mediated HTL-restimulation (De Boer et al., 1985) the results remain similar.

T-lymphocyte specificity are brought about by gene polymorphism and somatic gene
rearrangement during T-Iymphocyte ontogeny (Chien et aL, 1984). Mature
(immunocompetent) T-Iymphocytes however have one specific recognition site
which remains constant through their life. T-Iymphocytes with insufficient affinity
to the tumor therefore never again interact with it, and can thus indeed be ignored.
Our previous analysis of this model proved that helper T cells (HTL)-F play a crucial
role in the model behavior. Tumor antigenicity was therefore defined as the reactivity
of helper cells, i.e. the number of helper cell presursors (HTLP) that respond to an
alien tumor.

Furthermore, cytotoxic and helper T cells have different requirements for the
major histocompatibility complex (MHC) associated recognition of antigens (Zink-
ernagel & Doherty, 1975). CTL require antigen in association with class I MHC
antigens, whereas HTL are restricted by class II antigens (Swain & Dutton, 1980).
Helper T cells therefore require antigen to be processed by antigen presenting cells,

t Abbreviations: ANGRY cytotoxic macrophage(s), APC antigen presenting cell(s), BCGF B cell
growth factor, CTL cytotoxic T-Iymphocyte(s), CTLP cytotoxic T-Iymphocyte precursor(s), HTL helper
T-Iymphocyte(s), HTLP helper T-Iymphocyte precursor(s), IL2 interleukin 2, MPH normal
macrophage(s).
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TABLE 1

Antigen presentation (APC), lymphoid factors (FACTOR) and the inflammation
reaction (INFLAM) are quasi steady state variables. Cytotoxic T cell precursors
(CTLP), helper cell precursors (HTLP), normal macrophages (MPH), cytotoxic T

cells (CTL), helper T cells (HTL), cytotoxic macrophages (ANGRY), tumor cells

(TUMOR) and tumor cell debris (DEBRIS) are expressed by ordinary differential
equations. In the model antigen presenting cells (APC) are composed of both normal
(MPH) as cytotoxic (ANGRY) macrophages. The influx of precursor cells is increased
with INFLAM during an inflammation reaction. The intensity of the inflammation

reaction depends on the amount of lymphoid factors (FACTOR). Small tumors grow
exponentially, larger ones grow linearly

(MPH+ ANGRY) * DEBRIS
APC -

KMD+ DEBRIS

HTL * TUMOR
FACTOR -

KMT + TUMOR

H * FACTOR
INFLAM -

KMF+ FACTOR

dCTLP
dr

II + 11 * INFLAM - A * CTLP TUMOR EL * CTLP

dHTLP
- 12+ 12 * INFLAM - A * HTLP APC EL * HTLP

dt

dMPH
- 13 + 13 * INFLAM A * MPH FACTOR EM * MPH

dt

dCTL P * CTL * FACTOR
- A * CTLP * TUMOR DL * CTL+

dt KM F + FACTOR

dHTL P * HTL * FACTOR
- A * HTLP * APC - DL * HTL+

dr KMF+ FACTOR

dANGRY
- A * MPH * FACTOR DM * MPH

dt
dTUMOR R * TUMOR KILL * (ANGRY +CTL) * TUMOR

dt TUMOR KMK +TUMOR
1 +

KR

dDEBRIS KILL * (ANGRY + +CTL) * TUMOR
ED * DEBRIS

dt KMK +TUMOR

which express such class II antigens; CTLP by contrast recognise the tumor associ-
ated antigens on viable tumor cells, c.f. Czitrom et al. (1984).

Although most of the parameters of the model (see Table 2) were taken from the
literature, several had to be filled in arbitrarily. The lifespan of activated T-

lymphocytes (HTL, CTL) is one of those arbitrarily chosen parameters. Experi-
mentally these cells are known to be short-lived as effector cells but are also known
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TABLE 2

The parameter setting of the model is based upon experimental data of the immune
resistance of DBA/2 mice to the SL2 tumor (Du liens et al., 1982). The parameter
values are discussed in more detail in our previous analysis of this model (De Boer et
al., 1985). In the present analysis effector decay (DL) is increased tenfold. The degree
of tumor antigenicity is defined as the number of lymphocyte precursors present, i.e. as
T-lymphocyte influx (11 and 12). In order to represent different tumors 11 and 12 are

varied

A 10-3
DL 0.2
DM 1.0
ED 2.0
F L 0.02
EM 0.05
H 9-0
II 1-0 or 10.0
12 0.2 to 10.0
13 125 000
KILL 10.0
KMD 10'
KMF 50.0
KMK 10'
KMT 103

KR 109

P 1.0
R 1.0

activation rate per cell per day
lymphocyte effector decay per day
cytotoxic macrophage decay per day
debris decay per day
lymphocyte precursor efflux per day
normal macrophage efflux per day
inflammation constant
CTLP influx cells per day
HTLP influx cells per day
macrophage influx cells per day
killing capacity cells per cell per day
presentation saturation units
factor saturation units
killing saturation cells
restimulation saturation cells
growth rate saturation cells
proliferation rate cells per cell per day
tumor growth rate cells per cell per day

to have an infinite lifespan as "memory" cells. The processes that determine T-
lymphocyte longevity are largely unknown (Jerne, 1984). For these reasons the rate
of T-Iymphocyte effector decay was chosen identical to that of their precursors (i.e.
50 days) in the former analysis. Here we make a different choice and define
T-Iymphocyte effector cells short-lived (5 days); all other parameters are left the
same.

Methods

We challenge one particular immune system, i.e. our model with the specified
parameters, with tumors that differ in antigenicity and/or in size. We describe the
resulting model behavior, as revealed by numerical integration, in time plots of the
model's entities (i.e. the continuous variables representing cell numbers). In addi-
tion, we analyse these different experiments statically in state spaces (phases
portraits) in which 0-isoclines (or null-clines (Segal, 1984)) are depicted. We have
previously discussed the advantages of using numerical integration in combination
with numerical phase state analysis (De Boer & Hogeweg, in press). The model is
investigated by means of GRIND (De Boer, 1983). GRIND enables the user to
analyse the static properties of models by the numerical computation of 0-isoclines,
and to analyse the dynamic behavior of models by numerical integration. The
integrator implemented in GRIND in ROW4A (Gottwald & Wanner, 1981).
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Results

The phenomena previously described to belong to the range of behavior of the
model (De Boer et al., 1985) are also exhibited by this model when effector cells

are short-lived:
(1) Large highly antigenic tumors (e.g. a tumor corresponding to 11 = 10, 12 = 1

of 106 cells) can only be rejected by cytotoxic T-lymphocytes, whereas weakly
antigenic tumors are attacked (and sometimes rejected) mainly by macrophages.

(2) Tumors that differ minimally in antigenicity (i.e. HTLP reactivity) can differ

markedly in their rejectability: a weakly antigenic tumor (i.e. I 1 = 1, 12 = 0.2 ) breaks

through (i.e. increases monotonously) irrespective of its initial size, whereas another

tumor which is only slightly more antigenic (i.e. 11 = 1, 12 = 0.3 ) and which is
introduced in fairly large numbers is rejected vigorously (Fig. 2(b)).

(3) Repeated injection of 10' non-dividing tumor cells of a lethal tumor (i.e.
11 = 1, 12 = 0.2), at day 0 and 10 respectively, yields immunity to a dose of (at most)

106 cells of this tumor.
(4) The state of immunity is maintained by the HTL population.
(5) Adoptive transfer of single HTL cells at day zero enables the system to depress

tumors that would otherwise breakthrough (e.g. the tumor corresponding to 11 = 1,

12 = 0.2). At variance with the previous results (De Boer et al., 1985) these tumors
regrow progressively for the current parameter setting.

SNEAKING THROUGH

In Fig. 2 we depict an experiment in which the system is challenged with 3 different

doses of one particular tumor (i.e. Il = 1, 12 = 0-3). The initially small tumor (i.e. 1

cell, Fig. 2(a)) eventually grows infinitely large, the tumor of initially 8000 cells is

rejected (Fig. 2(b)), and a tumor of initially 10 000 cells breaks through (Fig. 2(c)).

A combination of Fig. 2(a) and 2(b) constitutes the sneaking through phenomenon:

a tumor kills its host if it is introduced in small doses, whereas it is rejected if

introduced in larger doses.
The growth curve of the initially small tumor (Fig. 2(a)) can be divided into

qualitatively different phases: (1) "expansion" to 105 cells (day 0-13), (2)

"regression" to 18 cells (day 14-18), (3) "regrowth" to about 2700 cells (day 19-32),

(4) "constancy" at about 2700 cells (day 33-38), and (5) "uncontrolled growth"
from day 39 onwards. During the expansion phase lymphocyte precursors (CTLP
and HTLP) become depleted through activation. The effector populations (CTL,
HTL and ANGRY) that are generated during the expansion phase however diminish

during the following three phases (i.e. regression, regrowth and constancy).
Although the depleted lymphocyte precursor populations increase as a result of the

immigration of unprimed cells during the regression (CTLP) and during the regrowth

phase (CTLP and HTLP), they do not reach their respective steady state levels. At

the end of the constancy phase the total lymphocyte densities in each functional

group (i.e. CTLP+ CTL and HTLP+ HTL respectively) reach an absolute minimum.

For each group the size is less than the size of its steady state precursor population
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FIG. 2. The sneaking through phenomenon. A tumor of an antigenicity corresponding to II =1
(CTLP= 50) and 12 =0.3 (HTLP= 15) is introduced as one cell (a), as a dose of 8000 cells (b) and as
a dose of 104 cells (c). The smallest tumor sneaks through (a), the intermediate one is rejected (b) and
the largest one breaks through (c). Parameters as in Table 2.

(i.e. the level at day zero). In this state the system turns out to be unresponsive
(tolerant) to this tumor: lymphocyte proliferation and macrophage activation are
entirely absent upon tumor expansion. This unresponsiveness contrasts strongly
with the magnitude of the immune response of this very same system to the same
(but larger) tumor of Fig. 2(b) and with the extensive lymphocyte proliferation

shown in Fig. 2(c). For this particular tumor in this particular immune system,
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tumors smaller than 7 x 103 cells sneak through; tumors that are larger than this but
smaller than 104 cells are rejected.

It is experimentally known that tolerization facilitates the uncontrolled growth
of relatively small tumors (Mengersen et al., 1975; Gatenby et al., 1981). We tolerize

with 5 weekly doses of 2500 non-dividing tumor cells (5 weekly doses of 250 tumors
cells, as applied to BALB/c mice by Gatenby et al. (1985), are in this model
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FIG. 3. The dormancy phenomenon. A tumor of an antigenicity corresponding to 11 = 1 (CTLP= 50)
and 12 = 0.5 (HTLP= 25) is introduced as one cell (a), as a dose of 50 000 cells (b) and as a dose of105

cells (c). After a short oscillatory period the smallest tumor ends up in a stable equilibrium (a), the
intermediate tumor is rejected (b) and the largest tumor breaks through (c). Parameters as in Table 2.
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insufficient for helper T cell activation). In such tolerized systems, tumors smaller
than 5 x 104 cells sneak through (steady immune response), whereas all larger tumors
break through (increasing immune response). Thus, in accord with the data of
Gatenby et al. (1981) (low zone) tolerization induces sneaking through behavior of
tumors that would otherwise be rejected. This tolerization procedure indeed
decreases the helper population to HTLP = 8 and HTL = 2 cells (at day 35).

Interestingly, immunization is also reported to enhance sneaking through (Mar-
chant, 1969). We investigate the effect of immunization by introducing (I) 107

non-dividing (irradiated) tumor cells at day zero, and (II) different initial doses of
normal tumor cells at day 20; compare De Boer et al. (1985). Tumor cells introduced
for immunization are all lysed and removed at day 20. At that time the helper
population consists of 25 effector and 2 precursor cells (previously 15 precursors).
This procedure does indeed enhance sneaking through: tumor doses between 1 to
105 cells all sneak through, tumors larger than 105 cells but smaller than 9 x 105 cells
are rejected, and tumors larger than 9 x 105 cells break through.

DORMANCY

In Fig. 3 we depict a similar experiment for a slightly more antigenic tumor (i.e.
= 1, 12 = 0.5). An initially small dose of this tumor (i.e. 1 cell, Fig. 3(a)) becomes

dormant, an intermediate dose (50 000 cells, Fig. 3(b)) is rejected, and a large dose
(105 cells, Fig. 3(c)) breaks through. The tumor growth phases of Fig. 3(a) are
similar to those described above, except for the fact that the series ends in the
constancy phase. The size at which the tumor becomes dormant corresponds to
1.5% of its maximum in the expansion phase.

For this particular tumor in this particular immune system, a tumor of 1527 cells
is in stable equilibrium with an immune response consisting of 10 cytotoxic T-
lymphocytes, 10 143 cytotoxic macrophages and 5 helper T cells. The equilibrium
attracts trajectories from a large region of the state space: if the HTL population
is increased 20-fold in the equilibrium state (i.e. made equal to 100 cells) or if it is
entirely removed, the system returns to this equilibrium. A similar return to the
equilibrium state occurs when the ANGRY population is varied between 0 to 105

cells or when the TUMOR population is varied between 1 to 105 cells (not shown).
Because an artificial increase in tumor cell numbers is depressed to the equilibrium
value the system cannot be considered to be unresponsive to this tumor. A small
tumor of exactly 1527 cells is however "tolerated".

SNEAKING THROUGH: PHASE PORTRAIT

We analyse the system of Fig. 2 (sneaking through) statically in the phase
portrait depicted in Fig. 4. Assuming CTLP, HTLP, MPH, CTL and DEBRIS at
their respective (positive) quasi steady state values, the TUMOR' = 0, ANGRY' = 0
and HTL' = 0 isocline planes are indicated in the TUMOR, ANGRY and HTL state
(phase) space. The TUMOR' = 0 and the ANGRY' = 0 isocline planes are identical
to those depicted in the previous paper (DE Boer et al., 1985). Here however the
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FIG. 4. The phase portrait of the sneaking through case, i.e. a tumor corresponding to II = I and
12=0.3. In a TUMOR, ANGRY and HTL state space we indicate (for CTLP, HTLP, MPH, CTL and
DEBRIS at their respective positive quasi steady state values) the TUMOR'=0 (a), the ANGRY= 0
(b), the HTL' = 0 (c) isocline plane and (d) the TUMOR and ANGRY isocline planes. The arrows
indicate the local direction of trajectories. The dashed line is the trajectory of a tumor introduced as
one cell (i.e. that of Fig. 2(a)). Eventually the trajectory moves into infinite TUMOR values, along the
splitted HTL' =0 isocline. (This simulation is run without the above quasi steady state assumptions).
Parameters as in Table 2.

HTL' = 0 isocline is separated into two planes. At low HTL numbers HTL popula-
tions increase, at intermediate values they decrease, while they increase again at
large HTL values. The intermediate region in which HTL populations decrease
separates the two HTL' > 0 regions in the entire state space. Trajectories that have
entered the "low" HTL' > 0 region (i.e. the one with low HTL values) are therefore
unable to leave that region ever again (as long as the system-state is not abruptly
changed). These systems never develop increased immune responses to that antigen
again. Trajectories that have entered the "high" HTL' > 0 region however are able
to move into regions with infinite HTL values. We refer to the high HTL' = 0 isocline
as the proliferation threshold, because in this region HTL proliferation exceeds the
rate of HTL decay.

The 3 trajectories shown in Fig. 2 all enter the high HTL' > 0 region during the
expansion phase (technical note: the steady state assumptions are not satisfied
during this phase). The trajectory (Fig. 4(c)) of the initially small tumor (Fig. 2(a))
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leaves the high HTL'> 0 region (and enters the HTL' < 0 region) quickly after it
has crossed the TUMOR' = 0 isocline (i.e. shortly after the onset of the regression
phase). HTL numbers decrease until the low HTL' = 0 isocline is reached. When
TUMOR expands (i.e. during the uncontrolled growth phase) the HTL population
remains at this stable size.

The trajectory of Fig. 2(b) (tumor rejection) reaches higher HTL and ANGRY
densities in the HTL'> 0 region. Moving upwards, it also intersects the TUMOR' = 0
isocline plane: the trajectory turns to the left and the tumor is rejected. The third
trajectory (breakthrough case) moves at slightly higher TUMOR values and remains
in the high HTL' > 0 region for ever. It also moves to the right, upwards and
frontwards, but moving upwards it does not intersect the TUMOR' = 0 isocline
plane, because that plane bends upwards in these regions. Eventually the trajectory
moves horizontally, to the right and frontwards, along the ANGRY' = 0 and HTL' = 0

isocline planes.

TUMOR ANTIGENICITY

The tumor analysed in Fig. 2 (sneaking through) and that in Fig. 3 (dormancy)
differ only in antigenicity. We depict the relation between tumor antigenicity (12)

and the separation of the HTL' 0 isocline plane in Fig. 5. In the figure TUMOR
equals 109 cells (which corresponds to the right sides of the cubes of Fig. 4). In a
ANGRY-HTL state space we indicate the HTL' = 0 isocline as a function of helper
influx (12, tumor antigenicity). The figure shows that large highly antigenic tumors
lack the HTL'> 0 separation: such tumors always correspond to HTL increase.
Large weakly antigenic tumors on the other hand induce HTL proliferation only if

1000 HTL

10 Angry

los

1.0

FIG. 5. The relation between tumor antigenicity (12) and the separation of the HTL' = 0 isocline. The

HTL' = 0 isocline plane is indicated in a HTL-ANGRY state space as a function of helper influx (12).

TUMOR = 109 cells in the figure and CTLP, HTLP, MPH, CTL and DEBRIS are at their respective

positive quasi steady state values. The arrows indicate the sign of the dervative of HTL.
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sufficiently large HTL numbers are present (i.e. if the proliferation threshold is
exceeded). The proliferation threshold in this figure is shown as the right side of
the HTL' = 0 plane, i.e. the unstable section of the isocline. Tumors of intermediate
antigenicity (like the one under consideration in Fig. 3) correspond to HTL decrease
if and only if both ANGRY and HTL are small. This situation is however unstable
because ANGRY increases under these circumstances.

DORMANCY: PHASE PORTRAIT

The tumor of Fig. 3 (dormancy) is more antigenic and lacks the separated HTL' > 0
regions at large tumor values, see Fig. 6. HTL numbers only decrease when both
ANGRY and HTL are small (shown as the tunnel in Fig. 6). Thus for sufficiently
large TUMOR and ANGRY values the proliferation threshold is absent. Therefore,
the "unresponsiveness" phenomenon (Fig. 2(a)) is absent; an increase in tumorsize
is always followed by an increase in HTL numbers (and consequently in CTL and
ANGRY numbers).

1-0

FIG. 6. The phase portrait of the dormant tumor, i.e. a tumor corresponding to II = 1 and 12 = 0-5.
The HTL'= 0 isocline plane is indicated in a TUMOR, ANGRY and HTL state space (for CTLP, HTLP,
MPH, CTL and DEBRIS at their respective positive quasi steady state values). The TUMOR = 0 and
the ANGRY' = 0 isocline planes are identical to those in Fig. 4. The arrow indicates the local direction
of trajectories. Parameters as in Table 2.

The trajectories of Fig. 3 traverse the state space of Fig. 6 in qualitatively the
same way as those of the weakly antigenic tumor traverse the state space of Fig. 4.
The trajectory of the initially small tumor however ends in the constancy phase.
Because the HTL'= 0 isocline is different, it intersects the stable section of the
(folded) secant of the TUMOR' = 0 and the ANGRY' = 0 isocline planes (see Fig.
7 for further explanation). This intersect corresponds to a stable equilibrium (as
shown by the simulations and by neighbourhood stability analysis).
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FIG. 7. A cross-section of Fig. 4(a) and Fig. 5(b) at the level of the ANGRY' = 0 isocline plane (i.e.
assuming that ANGRY is in quasi steady state). The figure shows the HTL' =0 and the TUMOR' =0
isoclines: the shaded regions correspond to HTL decrease. Arrows indicate the local direction of
trajectories. The dashed lines are trajectories of the model without quasi steady state assumptions. We
start with a tumor of one cell in both figures; in (a) (12 =0.3) this leads to sneaking through whereas
this leads to tumor dormancy in (b) (12 =0.5). In (a) two separate HTL' > 0 regions exist (we refer to
the text for the implications of this). The stable (lower) HTL' =0 isocline does not intersect the
TUMOR' =0 isocline, i.e. there is no stable equilibrium. The dormancy case (b) however corresponds
to a situation in which the separation into HTL'> 0 regions is absent and in which the HTL' =0 isocline
does intersect the stable (left) part of the TUMOR' = 0 fold. Parameters as in Table 2 (11 = 1), but 12 = 0-3
in (a) and 0.5 in (b).

Tumors that are more antigenic than the tumor under consideration in Fig. 3 also
become dormant if (and only if) they are introduced in small numbers. The equilibria
for those tumors correspond to smaller stable tumor sizes and larger stable effector
populations. For instance, a tumor corresponding to 11 = 10 and 12 = 10 becomes
dormant at a size of only 75 cells. The corresponding effector numbers are: HTL = 40,
CTL = 80 and ANGRY = 9927.

AGING

The dormant tumor considered above remained at (or returned to) its stable size
even when the size of the different cell populations were changed markedly. Figure
8 however shows that if helper influx (12) is gradually reduced during the reaction
to that tumor, the model behavior switches from "dormancy" to "unresponsiveness"
(which means progressive tumor growth). A decrease in helper precursor influx can
be interpreted as an effect of aging (Weksler et al., 1978; Weksler & Siskind, 1984;
Miller, 1984].

Helper influx decreases by 0.1% per day here. The simulation (Fig. 8) started
with the dormant tumor of Fig. 3(a) and 6 (i.e. 12 = 0.5). At the time of the switch
however, helper influx averages about 3 HTLPs per 10 days (i.e. 12 = 0.3), which
corresponds to the isocline plot of Fig. 4 (sneaking through). Thus aging, as it is
represented here, corresponds to a displacement of the HTL' = 0 isocline, resulting
in the disappearance of the equilibrium, and in the generation of separate HTL' > 0
regions. If in addition to HTLP influx, CTLP and MPH influx also decrease this
result (i.e. sudden tumor breakthrough) would be similar (not shown).
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FIG. 8. Tumor breakthrough due to aging, i.e. due to a gradual decrease in helper precursor influx
(12). At day zero the system is challenged with one cell of a tumor corresponding to 11 = 1, 12=0.5 (i.e.
the tumor of Fig. 3): the tumor becomes dormant at a size of about 1500 cells. At day 500 however,
helper influx has decreased to an average 3 HTLP per 10 days (12 = 0.3). This corresponds to the
antigenicity analysed in Fig. 2 (sneaking through): the tumor suddenly breaks through.

PARAMETER SENSITIVITY

Having ascertained that sneaking through depends on the presence of a prolifer-
ation threshold we are able to find the key parameters for sneaking through in this
model by investigating the relation between parameter values and the presence of
a proliferation threshold. In Fig. 7 sneaking through corresponds to the presence
of a part of the HTL' = 0 isocline running parallel to the tumor axis at large tumor
values (Fig. 7(a)). On the line TUMOR = 109 (i.e. the right side of the squares in
Fig. 7) sneaking through therefore corresponds to an intersect with the HTL' =
isocline (in Fig. 7(a) two such intersects exist: the lower stable one and the unstable
intersect with the proliferation threshold). In Fig. 7(b) such an intersect is absent.
The role of any of the parameters in the sneaking through phenomenon can therefore
be made visible by plotting these intersects. Sneaking through was brought about
in this model by decreasing effector cell longevity (i.e. increasing DL). We investigate
the role of the other parameters in Fig. 9 where we show the HTL' = 0 isocline as
a function of HTL, DL and any other parameter (for TUMOR= 109 and all variables
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FIG. 9. The relation between the presence of a proliferation threshold and the value of T-Iymphocyte

effector longevity (DL) and five other parameters. In the figures the HTL' 0 isocline is indicated as a

function of HTL, DL and one other parameter. TUMOR = 109 cells and CTLP, HTLP, MPH, CTL,
ANGRY and DEBRIS are at their respective (positive) quasi steady states. Besides DL four parameters

affect the fold in the HTL' = 0 isocline: 12 (the tumor antigenicity, (a)), H (the inflammation factor, (b)),

P (the proliferation rate, (c)), the KMF (the factor saturation, (d)). (e) shows the plane of EL (precursor
longevity) which does not affect the fold. Arrows indicate the sign of the derivative of HTL.

except HTL and TUMOR at (positive) quasi steady state). The regions of this
parameter space that are separated by the unstable section of the HTL' = 0 isocline
(i.e. the proliferation threshold) into a HTL' <0 zone at low HTL numbers and a
HTL' > 0 zone at high HTL numbers are such that sneaking through is possible.
The proliferation threshold indeed exists only if DL is sufficiently large (Fig.
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9(a)-(e)). Furthermore it turns out that, in addition to lymphocyte effector cell

longevity (DL), four other parameters influence the presence and position of the

proliferation threshold:
(1) The tumor antigenicity (12, Fig. 9(a)): when 12 is large the proliferation

threshold exists only if DL is increased (the mere increase of 12 thus eliminates
sneaking through, see also Fig. 5).

(2) The inflammation factor (H, Fig. 9(b)): the inflammation reaction increases
the influx of precursor cells, and therewith that of helper precursors, thus as might
be expected Fig. 9(b) is similar to Fig. 9(a).

(3) The proliferation rate (P, Fig. 9(c)): at low Pvalues the proliferation threshold
is at high HTL numbers, at high P values it is at low HTL numbers and high DL values.

(4) The FACTOR saturation (KMF, Fig. 9(d)): at low KMF values the prolifer-

ation threshold is absent, at high KMF values it exists and the higher KMF the
lower the DL value required for the presence of a proliferation threshold.

None of the other parameters affect the presence of the proliferation threshold.
See for instance Fig. 9(e) in which we depict the effect of variation in precursor

longevity.
Although sneaking through is only possible if a proliferation threshold is present,

the presence of a proliferation threshold does not suffice for the generation of
sneaking through. Tumor rejection trajectories have to cross the intermediate HTL' <

0 region, and sneaking through trajectories have to return to that region during the
regression stage. For example, if the current model is challenged with a weakly

antigenic tumor (12 0.2) the tumor cannot be rejected whatever its size but the
proliferation threshold is present (Fig. 5). Similarly if KMF is increased the prolifer-

ation threshold no longer requires short effector T-Iymphocyte longevity (Fig. 9(d)).

However the increase of KMF reduces the rate at which target cells are activated

by FACTOR and therefore reduces the magnitude of the model's response. If the

response (for compensation, i.e. for external equivalence (Irvine & Savageau,
1985a,b)) is increased again by e.g. increasing the number of helper cells (12) the
proliferation threshold disappears (Fig. 9(a)) or at least moves back to high DL

values.

Discussion and Conclusions

This model, although it lacks any form of immunosuppression, can show tolerance

to initially small tumors. Analysing the results we distinguish two different patterns
that correspond to limitation of the immune response: unresponsiveness and dor-

mancy. Dormancy corresponds to a fixed (stable) immune response because the
amount of antigen remains constant. On the other hand we consider the system to
be tolerant (unresponsive) to a particular tumor (antigen) when the immune response
hardly increases or does not increase at all upon expansion of the antigen. Unrespon-

siveness in the model corresponds to a stable helper population of a limited size.

The initial dose of antigen and its subsequent history determine whether the system
develops unresponsiveness or an immune reaction.

50



SNEAKING THROUGH

Uncontrolled growth of initially small tumors in circumstances where large tumors
are rejected is demonstrated to occur: (1) after the accumulation of factors that
block T-lymphocyte activation in proliferative models (Grossman & Berke, 1980),
(2) after depletion of (lymphocyte) precursor cells in precursor bound cytotoxicity
models (De Boer & Hogeweg, 1985), and (3) due to the presence of a proliferation
threshold in the current proliferative system.

The mechanism by which sneaking through (unresponsiveness, evolves in the
current model is precursor (HTLP) depletion. Only when sufficient helper cells
(producing IL2) are present, do helper populations proliferate; otherwise helper
decay is larger than by HTL proliferation plus HTL production due to HTLP
activation. We define the minimum size of the HTL population required for (con-
tinuous) HTL increase as the proliferation threshold; this corresponds to the HTL' =
0 isocline plane at high HTL values in Fig. 4 and 7(a).

Steady state helper precursor populations (i.e. HTLP = 12/ EL) are able to generate
an HTL population that exceeds the proliferation threshold (if this were not the
case proliferation would never occur). During the regrowth phase of the initially
small tumor of Fig. 2 however, the HTLP population (that became depleted during
the expansion phase) turns out to be too small to exceed the proliferation threshold.
Thus precursor depletion plays a crucial role in the generation of sneaking through
behavior, just as it does in the precursor bound cytotoxicity models (De Boer &
Hogeweg, 1985). The proliferative model described here is however able to "free"
itself from its precursors when the helper effector population exceeds the prolifer-
ation threshold permanently.

EFFECTOR DIFFERENTIATION

Recent experimental data suggest that the generation of lymphoid effector cells
from proliferating "precursor" cells requires a differentiation factor distinct from
the growth factors (BCGF, IL2), (Howard & Paul, 1983; Melchers & Anderson,
1983; Möller, 1984) for B-cells and (Raulet & Bevan, 1982; Wagner et al., 1982) for
CTL. B-Iymphocytes switch from the synthesis of surface immunoglobulins (i.e.
receptor molecules) to the secretion of free immunoglobulins (i.e. antibodies) during

their terminal differentiation. In addition, the cells lose the capacity of replication
(Melchers & Anderson, 1983). Theoretical analysis has shown that if differentiation

(or maturation) indeed cancels proliferation, i.e. if proliferation and differentiation

are antagonistic processes, immune systems are prone to become unresponsive when
maturation outweighs proliferation (Grossman 1982,1984). It however remains open
to discussion whether proliferation and differentiation are antagonistic in T-
lymphocyte activation. Following killing of target cells CTL are still capable of
multiplication (Nabholz & MacDonald 1983); comparable data for helper T cells

are absent. Terminal differentiation of CTL can however be incorporated in these

models with preservation of sneaking through (unpublished results).

51



IMMUNIZATION AND TOLERIZATION

The data of Marchant (1969) show that immunization (with 2.5 x 105 tumor cells)
enhances sneaking through, i.e. it increases the rejectability of the largest tumor
doses without affecting the sneaking through behavior of the smallest dose. Note
however, that the incidence of sneaking through (i.e. the number of exceptions to
"the dosage rule" (Marchant, 1969)) is higher in the non-immunized systems. In
our deterministic model, immunization (with 107 non-dividing tumor cells) increases
the zone in which sneaking through occurs as well as the zone in which rejection
occurs. The latter is in agreement with the data of Marchant (1969). Also note that
at variance with our procedure (Fig. 2), Marchant (1969) injects the three different
doses of tumor cells at the same time in the same animal.

In our model, tumors that would otherwise be rejected as well as tumors that
would break through, sneak through after immunization. In wet immune systems,
priming with antigen provides either an immunizing or a tolerizing stimulus. We
distinguish immunization and tolerization procedures on their effect: tolerization
should decrease the helper T cell population, whereas immunization should increase
it. Interestingly, in this model immunization enhances the subsequent development
of low zone tolerance (here sneaking through). Immunization, i.e. the presence of
an enlarged and activated helper population, induces a faster immune response and
hence immediate tumor regression. Larger tumors therefore remain smaller than
initially smaller tumors introduced into non-immunized systems, because the latter
expand first. These "smaller" tumors sneak through. Tolerized systems, on the other
hand, i.e. systems with reduced helper populations, are more prone to precursor
depletion because of the paucity of precursors. Therefore, larger tumors are required
to stimulate the helper population to such an extent that it exceeds the proliferation
threshold. Smaller tumors easily deplete the remnant helper T cells and sneak
through.

Note that we have excluded from our model contaminating passenger leucocytes
(Lafferty et al., 1983). In biotic systems such contaminating accessory cells are
indeed absent when (small) tumors arise spontaneously and sneak through following
the depletion of T-lymphocyte precursors. In experimental procedures however,
contaminating (donor) leucocytes are coinjected in different doses with the different
dosages of injected tumor cells. Such dose-dependent introduction of passenger
leucocytes may play an important role in experiments on sneaking through. However,
for minimalization reasons it is interesting to see that sneaking through does not
require differential passenger leucocyte kinetics.

DORMANCY

Tumors that are more antigenic and are introduced in small doses end up in a
stable equilibrium between tumor cell growth and tumor cell killing (Fig. 3). For
such a tumor there is a stable size at which it is "tolerated" by the immune system.
This phenomenon, however, differs markedly from the unresponsiveness defined
above, because an (artificial) increase of the size of the tumor in equilibrium does
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result in the enhancement of the immune response, which depresses the tumor to
its equilibrium value. We therefore do not wish to use the term tolerance for this
equilibrium, but refer to the tumor as being latent or dormant.

It has been shown experimentally that tumor growth can consist of the following
phases: expansion, regression, subsequent dormancy (at a small size), and regrowth
thereafter (Uyttenhove et aL, 1983; Trainer & Wheelock, 1984). The cell populations
that regrow are different from the initial tumor cell population, i.e. they differ in
antigeniticity or susceptibility to cytotoxic cells (Uyttenhove et aL, 1983; Trainer &
Wheelock, 1984). In our model this type of tumor regrowth is undefined because
the tumor parameters (antigenicity, susceptibility) are fixed. Sneaking through as
depicted in Fig. 2(a) does however involve tumor regrowth after a dormancy period
(day 16-30) in which the tumor was very small, but does not require any alteration
in the tumor characteristics.

AGING

We have defined retardation of the immune system due to aging simply as a
decrease in the production of helper precursor cells (Fig. 8). A decrease in the
production of T-lymphocytes, which rely on the thymus for maturation, is likely
because the thymus involutes at puberty. T-lymphocyte maturation is very limited
in the absence of the thymus (Smith, 1984). In accordance with our assumption
Miller (1984) reported for aged mice that T-lymphocyte precursor frequencies had
declined and that the activity per cell was preserved; compare however (Urban &
Schreiber, 1984). It has often been stated on the basis of experimental evidence that
tumor growth is enhanced in aged animals (Yuhas & Ullrich, 1976; Rockwell, 1981;
Riley, 1981). Other data however show the reverse (Teller et aL, 1974; Kubota et

al., 1981; Ershler et al., 1984]. Explanations for the reduced anti-tumor immune
responses in aged individuals include the reduction in T-lymphocyte precursor
frequencies (Miller, 1984; Weksler & Siskind, 1984). Enhanced responses may
possibly be explained by reduced T suppressor cell generation in aged individuals
(Gottesman et al., 1984); these data are however controversial. In the model we
only consider reduced helper precursor frequencies.

Tumors can remain present in a dormant state at an undetectable small size for
a long time. This equilibrium can however disappear abruptly when immune func-
tions (helper influx) gradually decline. Thus tumors that remained small over a long
period can, when the immune system ages, suddenly break through. This switch is
intrinsic, i.e. occurs without an external signal.

PROLIFERATION THRESHOLD

Despite the absence of processes (e.g. suppression) that limit the response of the
current proliferative system, sneaking through (here low zone tolerance) does occur.
Moreover, in agreement with experimental data (Marchant, 1969), sneaking through
is enhanced by immunization. Both results are counterintuitive, because (1) we had
not expected proliferative immune responses to decline in the presence of expanding
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antigen, and (2) immunization is expected to counteract tolerization (e.g. see Prehn
(1976)). Our graphical analysis (i.e. the isocline plots) showed that sneaking through
evolves here due to the presence of a proliferation threshold.

The proliferation rate of individual helper T cells is generally considered to depend
on the IL2 concentration; in the model the latter depends on the number of
restimulated helper cells. The rate of decay is however considered to be independent
of the presence of other helper cells. As is shown here, these two assumptions
generate a proliferation threshold, i.e. a minimum amount of IL2 required for net
proliferation. The current specification of HTL longevity implies that a (fully
restimulated) helper cell does not produce an IL2 concentration sufficiently high
for its own reproduction. Only when a number of helper T cells produce IL2
concomitantly do helper populations increase. The results demonstrate that the
presence of such a simple proliferation threshold suffices for the co-occurrence of
both unresponsiveness (here sneaking through) and vigorous responses in immune
systems. The initial status of the immune system together with the antigen does
determine which of these develops.

We thank Miss S. M. McNab for linguistic advice.
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We study processes by which T-lymphocytes "learn" to discriminate "self" from
"non-self". We show that intrinsic features of the T cell activation and proliferation
process are sufficient to tolerize (self) reactive T-lymphocyte clones. Self vs non-self
discrimination therefore develops without any down-regulatory (e.g. suppressive)
interactions. T-lymphocyte clones will expand by proliferation only if the IL2
concentration is high enough to induce a proliferation rate larger than the rate of
cell decay. This concentration is the proliferation threshold. Because effector T cells
are short-lived the proliferation threshold must be quite high. Such high numbers
of cells producing IL2 are achieved only when sufficient (memory) precursors are
activated. Self and non-self antigens differ with respect the number of (memory)
precursor cells they accumulate, as a result of two processes, i.e. precursor depletion
and memory accumulation, and can thus be discriminated. Precursor depletion: the
dynamics of long-lived precursors can cause tolerization. In neonatal circumstances
precursor influx is still low, newborn cells reacting with self antigens are immediately
activated, generating (few), i.e. fewer than the proliferation threshold, effectors that
decay rapidly. Thus total lymphocyte numbers remain low, yielding self tolerance.
Conversely, large doses of similar antigens introduced in mature systems push
"their" lymphocyte clone over the proliferation threshold because a large (accumu-
lated) precursor population is rapidly activated. Small doses are however low zone
tolerized. Memory accumulation: peripheral T-lymphocyte populations in fact con-
sist of a mixture of virgin precursors and memory cells. If the formation process of
(long-lived) memory cells is taken into account and virgin precursors are made
short-lived, the proliferation threshold again accounts for self non-self discrimina-
tion. Memory cells accumulate when antigenic restimulation is low; it is low when
the antigen concentration and/or the antigen affinity is low. Therefore self antigens,
which are present in relatively high concentrations, fail to accumulate high affinity
memory cells, and are hence tolerated. Memory cells crossreacting to self antigens
with low affinity, however accumulate neonatally, pushing those clones over the
proliferation threshold whenever "their" high affinity antigen enters the immune
system. Thus the model generates differences in the antigenicity (i.e. memory precur-
sor frequency) of self and non-self. We conclude that the neonatal T cell repertoire
is strongly influenced by the self environment: clones with high affinity to self remain
small and unresponsive whereas clones with low self-affinity are enriched. Such
enlarged memory clones can be precursor depleted again by low doses of antigen,
thus yielding low zone tolerance.

Introduction

The most fascinating aspect of immune systems is their ability to discriminate
between "foreign" antigens to which they respond, and "self" antigens which they
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tolerate. An immune system consists of a large set of different receptor molecules;
these receptors are embedded in the cell membrane of lymphocytes (or released by
lymphocytes, as, e.g., antibody molecules); lymphocytes that share identical recep-
tors form a clone. The diversity of receptor molecules is generated by (1) the
combination of a multiplicity of germline gene segments (Early et al., 1980; Chien
et aL, 1984), and (2) somatic mutation (Griffiths et al., 1984; Berek et aL, 1985).
Both mechanisms can give rise to receptors that have sufficient affinity to self antigens
to activate a lymphocyte. When somatic mutation is involved such receptors inevi-
tably arise; interestingly somatic mutation appears to be absent in T-lymphocytes
(which are of regulatory importance) (Barth et al., 1985), whereas it plays an
important role in the generation of the (secondary) B-lymphocyte repertoire (Berek
et aL, 1985). In order to prevent immunological self destruction (auto immunity),
lymphocytes with such anti-self receptors have to be eliminated and/or impaired
by (partly unknown) tolerization processes.

It is known experimentally that immunological tolerance to antigens arises when
these are present during the neonatal development of the immune system (i.e.
"neonatal tolerance") (Owen, 1945; Burnet & Fenner, 1949; Billingham et al., 1953).
Mature immune systems are reported to tolerate antigens that are introduced either
in very small doses ("low zone tolerance") or in very large doses ("high zone
tolerance") (Mitchison, 1965; Weigle, 1971). Generally, in research on immunologi-
cal tolerance "down-regulatory" processes are considered to be responsible for the
functional deletion of autoreactive lymphocyte clones. There is considerable experi-
mental evidence that suppression plays a role in the inactivation of self reactive
clones (Gorczynski & MacRae 1979a,b; Hilgert, 1979; Fazekas de St Groth et al.,
1984; Stockinger, 1984; Tilkin et al., 1985; Stockinger et aL, 1986). The matter
however remains open to discussion because clonal inactivation can also be caused
in the absence of suppression (Nossal & Pike, 1981; Good et al., 1983; McCarthy
& Bach, 1983; Feng et al., 1983; Carnaud et al., 1984; Gammon et aL, 1986).

Here we present models which develop tolerance and immunity as a result of
differential kinetics of growth factor (IL2) production, and not by suppression. This
means that we concentrate on helper T cells (that produce IL2). T cell tolerance
differs essentially from B cell tolerance because T cells recognize antigens in the
context of (highly variable) major histocompatibility complex (MHC) molecules.
T cells are restricted to antigens presented together with the self MHC (Zinkernagel
& Doherty, 1975). Thus education of T cells involves two learning processes: (1) T
cells must learn to be restricted to self MHC and (2) T cells must learn to tolerate
conventional self antigens (i.e. non-MHC antigens). The existence of two, possibly
separate, processes obscures the interpretation of the literature on T cell tolerance.
For clarity we define the terms we use as follows: (1) self MHC, i.e. the inherited
MHC; (2) self conventional antigens, e.g. heart muscle antigens; and, most impor-
tantly, (3) self antigen, i.e. self MHC plus self conventional antigen.

The process generating a T cell repertoire that recognizes self MHC molecules
from the primary (possibly random) repertoire is a positive selection process. Only
those cells with sufficient affinity to the self MHC pass through. The thymus is the
most likely environment for the occurrence of this process (Zinkernagel et al., 1978;
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Smith, 1984b 1. Conversely, the process which eliminates T cells that recognize
(conventional) self antigens is a negative selection process. Because many of the
conventional self antigens are most probably absent from the thymus (e.g. heart
muscle antigens) we suppose this (tolerance) process to take place in the periphery.

Note however that circulating conventional antigens can be expressed in the thymus

(Kyewski et al., 1986). We here investigate the peripheral process, i.e. we assume

that the virgin precursor cells in our models are already self MHC restricted. It will
appear that, despite the absence of down regulatory interactions, these T cells
tolerate antigens presented in sufficiently low or high concentrations and antigens
presented during the neonatal development of the immune system, but that they
react vigorously to foreign antigens introduced in mature immune systems.

Previously we analyzed low zone tolerance to infinitely expanding antigens (i.e.
tumours) (De Boer & Hogeweg, 1985, 1986a,b). In those models, tolerance evolves
because low antigen doses slowly activate the (long-lived) precursors. In the prolife-

rative systems (De Boer & Hogweg, 1986a,b) net helper T cell proliferation requires

a sufficiently high IL2 concentration; otherwise the proliferation rate is lower than
the rate of helper cell decay. These immune systems respond only when precursor
activation suffices for generating an IL2 producer population that is sufficiently high
for initiating proliferation, i.e. one that is larger than the proliferation threshold.
Once proliferation has started it continues autonomously as an autocrine process
(Meuer et al., 1984). Low antigen concentrations activate the precursors slowly,
generating only a few effectors that decay rather than proliferate; thus lymphocyte
numbers decline (by precursor depletion), disabling the system so that it can never

pass the proliferation threshold again. It has been demonstrated (De Boer &
Hogeweg, 1986a,b) that the development of (low zone) tolerance depends crucially

on: (1) the transition from long-lived precursors to short-lived effectors, and (2) on

the degree of antigenicity.
We investigate here whether simple immune systems with a proliferation threshold

can account for self non-self discrimination. Whether or not immune systems will
pass the proliferation threshold, i.e. will develop an immune response, is determined
by the quantity of virgin and memory precursor cells present. Long-lived precursors
decrease by precursor depletion, memory precursors increase by memory accumula-

tion or decrease by "memory precursor" depletion. Thus neonatal, low zone, and
high zone tolerance can be generated in absence of any down-regulatory process.

The Models

We here investigate two proliferative models, i.e. systems capable of infinite
(repeated) proliferation, see Fig. 1 and Table 1. The first (simple) model incorporates
long-lived precursor cells and short-lived effectors, but no memory cells; the second
(memory) model specifies an equal (short) life-span for virgin precursors and
effectors but incorporates long-lived memory cells. The two different models show
that: (1) if memory cells and virgin precursors are lumped into one (mixed)
population of long-lived cells the requirements for the development of tolerance
reside- in just the few interactions incorporated in the simple model, and (2) if
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FIG. 1. The interactions incorporated in the models. MEM: memory cell, HITC: helper independent
cytotoxic T cell, HITCP: HITC precursor, IL2: T cell growth factor, AG: antigen. In the simple model
memory cells are discarded.

memory cells are explicitly incorporated, the model again accounts for self non-self
discrimination, but now by memory accumulation. Both models generate low zone
tolerance by (memory) precursor depletion, i.e. the process pinpointed most closely
in the simple model. Down regulatory interactions, e.g. suppression or other explicit
silencing mechanisms, have been deliberately omitted from the models. Only by
omitting explicit down regulatory interactions are we able to investigate whether
tolerance does indeed depend on down regulation.

The model immune systems are derived from models described before (De Boer
et aL, 1985; De Boer & Hogeweg, 1986a,b). For reasons of simplicity, they specify
cytotoxic T-lymphocytes that produce their own growth factor (IL2). Such cells, i.e.
Helper Independent Cytotoxic T Cells (HITC), have actually been described (Wid-
mer & Bach, 1981; Roopenian et aL, 1983). In the models precursors (HITCP) are
activated when stimulated with antigen (AG) and subsequently become capable of
(a) IL2 production and (b) proliferation in response to IL2.

FORMAL DESCRIPTION

Immunocompetent precursors (HITCP) appear in the periphery (arriving from
the thymus) at a constant rate I; precursors have a constant decay rate DP, see
Table 1. The unprimed, steady-state precursor populations thus equal I/DP. Upon
antigenic activation (AP), precursors become cytotoxic effectors capable of IL2
production (HITC); effectors have a constant decay rate DE. Antigenic stimulation
terms (SM and SH) are defined as saturation functions: the maximum rate at which
precursors or memory cells are stimulated is AP or AM per day. Memory cells (if
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TABLE 1

Helper-independent-Cytotoxic-T-cells (HITC), HITC precursors

(HITCP), memory cells (MEM), and the antigenic cell population (AG)

are modelled as ordinary differential equations. Growth factor (1L2) kinetics
proceed relatively fast; IL2 is incorporated as a quasi steady-state variable.
Memory activation (SM), precursor and effector activation (SH), the killing

term (SK), and proliferation (KI) follow conventional Michaelis- Menten
kinetics. The models are further explained in the text and in Fig. 1. In the
simple model the memory equation is discarded. In order to increase the
readability of the tables, mnemonics are used for the variables of the model

SH = AA'AG/(KH + AA*AG)
SM = AA*AG/( KM + AA'AG)
SK = AA*AG/(KK+ AA*AG)
IL2 = HITC*SH
d(MEM)/dt = M*HITC*( 1 SH)- AM*MEM*SM DM*MEM
d(HITCP)/dt = I AP*HITCP*SH DP*HITCP
d(HITC)/dt = AM*MEM*SM+ AP*HITCP*SH + P*HITC*IL2/(KI+ IL2)

DE*HITC M*HITC*(I SH)
d(AG)/dt = VAG B*AG*AG K*HITC*SK

they are incorporated, i.e. if M > 0) are only generated when antigenic restimulation
(SH) is sufficiently low. Antigen (AG) grows logistically, its maximum size being
R/ B (consider e.g. an organ). Antigen is eliminated (cells are lysed) by effectors

( Kt HITC); killing follows Michaelis-Menten kinetics (Merrill, 1982). IL2 is pro-
duced by effectors when they are restimulated by antigen (Meur et al., 1984; Miller

et al., 1986). IL2 is scaled to one unit produced per cell per day. Effectors proliferate
in response to IL2. When IL2 concentrations are high (IL2 >> KI) proliferation

proceeds at rate P per day.

PARAMETERS

We assume that activation of resting (memory) cells takes longer than that of
"active" virgin pr--.7sor cells (i.e. AM = 5 < AP = 25, see Table 2); memory cells

also requir- nigher antigen concentration for maximum activation (KM = 105>

KH = 10'). It has been proved experimentally that reactivation of resting T cells
indeed requires more steps than that of activated cells (Manger et al., 1985).

Proliferation (cell division) takes quite a long time, i.e. about 16 hours (Look et aL,

1981) (P 1.5, in the models the maximum proliferation possible is a 10-fold increase
in about 5 days). Unstimulated effectors quickly return to the memory stage (M = 5).
Cytotoxic effectors lyse a maximum of 50 antigenic cells per day (K = 50). Brunner

et al. (1981) report high cytotoxicity values for cytotoxic T-lymphocyte clones. In
addition, several cytotoxic effector cell types should profit from the helper cells
(here the HITC). Maximum cytotoxicity is achieved at relatively high antigen
concentrations (KK = 105). Antigen, e.g. an organ, expands more slowly than the
T-lymphocytes (R = 0.1), compare De Boer et aL (1985).
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TABLE 2

The parameter settings are derived from models presented before [De Boer et
al., 1985; De Boer & Hogeweg, 1986b], which, in turn, were based on various
sources in the literature. The parameters presented here were chosen in a reasonable
order of magnitude; the models do not represent any specific immune system. In
the simple model precursors are long-lived (DP = 0.01), and memory cells are
ignored (M = 0). In the memory model precursors have a short life span (DP = 1)
and long-lived memory cells (DM = 10-3) are incorporated (M = 5). Effectors
are always short-lived (DE = 1). Maximal proliferation proceeds at an equivalent
rate in both models, i.e. a 10-fold increase in about 5 days (P = 1.5). Antigenicity
is defined as the reactivity of precursors, which, in turn, can be defined as (1)
the number (or the percentage) of reactive precursors arriving daily from the
thymus, and (2) the number of circulating reactive precursors. The former
definition (1) is independent of precursor life-span, but the latter one gives different
antigenicity values in both models for an equal precursor influx. The thymic output
of a mouse is about 5*106 cells per day [Rocha et al., 1983]; an influx of 10
cells (I = 10, used throughout) thus corresponds to a reactivity of 1:500 000 fresh
precursors. Experimental data on helper T precursor reactivity are scarce; the
peripheral frequency of the helper precursors specific to the herpes simplex virus
( a conventional antigen) in unprimed mice was, for instance, reported to be
below 1: 100,000 [Prymowicz et al., 1985]. Although these numbers seem within
the range of our models, their interpretation is difficult since peripheral population
sizes are influenced by: (1) unknown life-span of precursors, (2) precursor depletion
by cross reactivity in the simple model, and (3) accumulation by cross reactivity

in the memory model

AA 10-12 to 1.0 affinity
AP 25.0 precursor activation rate per day
AM 5.0 memory reactivation rate per day
B 10-9 contact inhibition rate per cell per day
DE 1.0 effector decay per cell per day
DM 10-3 memory decay per cell per day
DP 0.01 or 1 precursor decay per cell per day
I 0-1 to 100 precursor influx cells per day
K 50.0 killing capacity cells per cell per day
KI 50.0 growth factor saturation units
KH 103 activation saturation cells
KK 105 killing saturation cells
KM 105 reactivation saturation cells
M 0 or 5 memory cell generation per day
P 1.5 proliferation rate cells per cell per day
R 0.1 maximum tissue growth rate per day
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In the models the life-time of the T-lymphocyte subpopulations is varied. It is
generally accepted that effectors are short-lived (Jerne, 1984); we assume a life is
one day in both models (DE = 1). The life-time of virgin precursors is uncertain
(Rocha et al., 1983; Jerne, 1984). We make them short-lived (DP = 1) and incorporate
long-lived memory cells (DM = 10-3), or we (simply) make them long lived (DP =
0.01) and ignore memory cells. Because effectors are short-lived (DE 1) and
because proliferation depends on the IL2 concentration (i.e. KI > 0), a proliferation
threshold emerges in both models. At high antigen concentrations, in the absence
of precursors, about 100 effectors are needed to produce sufficient IL2 for net
proliferation. This number corresponds to KI = 50.

For each different antigen, influx (I) represents the number of reactive cells
arriving daily from the thymus, i.e. the clone renewal rate. Influx (I) thus represents
the qualitative antigenicity of the antigen (De Boer et al., 1985; De Boer & Hogeweg,
1986c), i.e. I determines the number of circulating unprimed precursors ready to
respond upon the introduction of the antigen.

ANALYSIS

The models are investigated by means of dynamic and static analysis, i.e. by
numerical integration and by 0-isocline (Segel, 1984) analysis respectively. We have
previously discussed the advantages of using numerical integration in combination
with numerical phase state analysis (De Boer & Hogeweg, 1986a). We use GRIND
(De Boer, 1983) to investigate the models. GRIND enables the user to analyze the
static properties of models by the numerical computation of 0-isoclines, and to
analyze the dynamic behaviour of models by numerical integration. The integrator
implemented in GRIND is ROW4A (Gottwald & Wanner, 1981).

Results

THE SIMPLE MODEL

We first investigate a model that ignores memory cells, and, instead, specifies
precursor cells to be long-lived (i.e. M = 0, DP = 0.01). In fact such a population
can be considered as a mixture of short-lived precursors and long-lived memory
cells. The generation of these memory cells is however ignored in this (simple)
model, but will be incorporated in the next (memory) model. We will show here
that the simple model accounts for neonatal and low zone tolerance by means of
precursor depletion.

Model behaviour: rejection

Consider the immune response of a mature immune system to a large amount of
antigen. In mature, unprimed systems precursor influx (I) and efflux (DP) equilibrate,
yielding (steady-state) precursor populations of I/DP cells. These cells circulate in
the periphery ready to respond upon introduction of "their" antigen. In Fig. 2(a)
we depict the mature unprimed situation between day 0 and 10; at day 10 AG is
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FIG. 2. The behaviour of the simple model as revealed by numerical integration. AG rejection (a): a
large dose of antigen (AG = 108) is rejected when it is introduced (at day 10) into a mature immune
system, i.e. a system with a steady-state precursor population (day 0-10). Low zone tolerance (b): a
small dose of antigen (AG= 1) slowly depletes the steady-state precursor population (day 0-70), after
which antigen expands in an unresponsive system. Neonatal tolerance (c): in the upper panel the slow
increase in precursor influx is shown; immigrating precursors are immediately activated (AG
generating an unresponsive (i.e. small) effector population. Parameters as in Table 2 (I =10, DP =
0.01, M = 0).

introduced in a dose of 108 cells. Such a situation would arise with an organ
transplantation. Introduction of antigen induces rapid activation of the (I/EP =
1000) precursors: in a few hours almost every precursor becomes one effector. This
immediately depletes the precursor population; the effectors proliferate until antigen
is rejected (day 23). Following antigen elimination, effectors decay and precursors
slowly recover.

Model behaviour: low zone tolerance

If, instead, a small dose of antigen (AG = 1) is introduced into a mature system,
the system develops tolerance and antigen is allowed to expand to values that
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normally (see above) evoke immune reactions. Between day 0 and 70, when antigen
concentrations are intermediate, precursors are activated at a slow rate and hence
decrease slowly. Effectors are therefore only induced slowly; moreover, because
effector numbers are low, IL2 concentrations remain low. As a consequence effector
proliferation proceeds at a very slow rate, i.e. at a rate slower than the rate of effector
decay (DE). Thus the number of effectors increases initially by the activation of
precursors, but never by proliferation. Because effectors have a shorter life than
precursors, transition to the effector stage corresponds to a decrease in the total
number of lymphocytes (if proliferation is absent). At the time the antigen concentra-
tion becomes high, most precursors are activated (and depleted), but effector
numbers are still too low for net proliferation. The antigen can expand without any
further increase in the immune reaction. Thus low doses of antigen induce a slow
transition of long-lived cells to short-lived cells, resulting in low IL2 concentrations,
absence of proliferation, and a reduction in total lymphocyte numbers. This
phenomenon, which has been referred to as "precursor depletion", (De Boer &
Hogeweg, 1986a,b), accounts for low zone tolerance. It takes place in the complete
absence of down regulation (e.g. suppression).

Model behaviour: neonatal tolerance

We define the neonatal development of the model immune systems as a gradual
increase in the influx of immunocompetent lymphocyte precursors (HITCP). The
characteristics of neonatal precursors are thus identical to those of their mature
counterparts. At day zero, the antigen (e.g. an organ) is fully developed (i.e. at its
maximum size), their are no lymphocytes in the system (influx equals zero, upper
panel Fig. 2(c)). Then influx is gradually increased and precursors slowly arrive in
the system. These few precursors are immediately stimulated by the antigen (which
is present in high concentrations) and turn into short-lived effectors; precursors
thus never accumulate. Effectors accumulate slowly, and again remain below the
critical number required for net proliferation (the proliferation threshold). In con-
clusion, effectors accumulate slowly by activation of few precursors, proliferation
remains absent, and precursors remain depleted by antigenic activation. At the final
stage effector numbers are small, i.e. below the proliferation threshold. This means
that the antigen is tolerated. Thus precursor depletion accounts for neonatal tolerance
in the absence of down regulation (e.g. suppression).

Static analysis

The dichotomy in the behaviour of the model (immunity vs. tolerance) is analyzed
graphically in Fig. 3. The relationship between the three variables of the simple
model (i.e. HITCP, HITC and AG) is depicted, for I = 10, in the 3-D state spaces
of Fig. 3 by means of the 0-isocline planes of the three variables (see e.g. Segel
(1984) for an explanation of the isocline method). In each 3-D panel one of the
isocline planes is shaded. When antigen is at its maximum size (R/B = 108) the AG
isocline (Fig. 3(c)) runs vertical; sufficiently high effector numbers (i.e. in the upper
region of the cubes) cause AG to decrease. The precursor' = 0 isocline plane (Fig.
3(a)) depends on AG only, at low antigen concentrations (on the left) the HITCP' = 0
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FIG. 3. The 0-isocline planes of the three variables of the simple model. The three cubes are identical;
only the shading differs: in (a), (b) and (c) we have shaded HITCP, HITC, and AG respectively. Arrows
indicate the local direction of trajectories. The implications of the forms and positions of the planes are
discussed in the text. In (d) the isoclines are projected into a 2-D state space by a quasi steady-state
assumption for HITCP. The intermediate HITC' < 0 region is shaded. The behaviour of the model (as
depicted in Fig. 2), is indicated in the HITC-AG state space: dashed line, low zone tolerance; dotted
line, neonatal tolerance; dash-dotted line, antigen rejection. The tolerance trajectories end up in the
(stable) intersect between the lower part of the HITC' =0 isocline and the vertical part of the AG' =0
isocline. Parameters as in Table 2 (I = 10, DP= 0.01, M = 0).

1 '0
1.0 103 106 le AG

isocline bends asymptotically towards the unprimed steady-state value (I/ DP =
1000); this is only partly visible. At high antigen concentrations the plane reaches
the minimum HITCP value achieved by maximum activation (I/(DP+ AP)). At
sufficiently low precursor numbers the effector plane (Fig. 3(b)) is folded: low
effector numbers increase (due to precursor activation), intermediate numbers
decrease (due to decay), whereas high numbers increase again (due to proliferation).
Trajectories which have passed the intermediate HITC' < 0 region, i.e. those that
have passed the upper part of the folded HITC' = 0 isocline, enter the region of
endless proliferation. The upper part of the folded HITC isocline, i.e. the critical
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number of effectors required for endless (net) proliferation, is referred to here as
the proliferation theshold. Trajectories situated at low precursor and effector num-
bers turn downwards in the intermediate HITC' < 0 region until the stable, lower
part of the H ITC isocline is reached. Such trajectories never pass the proliferation
threshold again and correspond to tolerance.

We can reduce this quite complicated 3-D state space to a 2-D state space by
making a quasi steady-state assumption for the precursors. Figure 3(d) clearly shows
the separation of the effector isocline into a high (instable) proliferation threshold
and a low stable (tolerance) part. Both enclose a (shaded) region of effector decrease.
The two separate regions of effector increase correspond to the dichotomy in the
model behaviour: high effector numbers proliferate infinitely; small effector popula-
tions remain confined to a low stable equilibrium, unable to bridge the intermediate
H ITC' < 0 gap.

The rejection trajectory (i.e. the time plot of Fig. 2(a)) is represented by the
dash-dotted line. The trajectory starts at AG = 108 and H ITC = 0; it (rapidly) moves
upwards, passing the proliferation threshold; HITC numbers increase due to
repeated proliferation until AG is rejected. Apparently the quasi steady-state assump-
tion is not fulfilled during the activation stage: the rapid activation of the steady-state
precursor pool enables the system to bridge the gap and to pass the proliferation
threshold. The neonatal tolerance trajectory (dotted line) also starts at AG = 108
and HITC = 0; however because it moves upwards slowly, the quasi steady-state
assumption is fulfilled (due to slow precursor influx). The system is thus unable to
bridge the H ITC' < 0 gap, and remains at the stable intersect of the (lower) HITC' = 0
and the AG' = 0 isocline. The low zone tolerance trajectory (dashed line) starts at
the left (at low AG concentrations); turns upwards (initially in the shaded HITC' < 0
region) but is unable the bridge the gap, turns downwards, and encounters the lower
(stable) HITC' = 0 isocline, then moves rightwards and stops at the AG' =0 isocline.

In conclusion, rapid activation of the precursors generates an effector population
that is capable of net proliferation. Slow activation allows effectors to decay before
sufficient additional effectors are generated. Note that the size of the effector
population generated after precursor activation depends on the (initial) size of the
precursor populations, which, in turn, corresponds to the degree of antigenicity.

Antigenicity

The effect of antigenicity is studied statically (Fig. 4(a)) and numerically (Fig.
4(b)). In Fig. 4(a) we analyze the effect that antigenicity (i.e. precursor influx: I)
has on the separation of the HITC' = 0 isocline (Fig. 3). It appears that for weak
antigens (low I values) the separated HITC isocline diverges, i.e. the HITC' <0
region expands. The immune system becomes unable to bridge the HITC' 0 gap,
and weak antigens are tolerated whatever their initial concentration (proliferation
cannot start). Note that the proliferation threshold, i.e. the horizontal upper part
of the H ITC isocline, is independent of antigenicity (if antigens are sufficiently weak).

Sufficiently strong antigens (high I values) eliminate the intermediate HITC' = 0
region: the influx of precursor cells always suffices for generating an effector
population larger than the proliferation threshold (the proliferation threshold
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F10. 4. The effect of antigenicity on tolerance in the simple model. In (a) the 2-1) HITC" 0 isocline
is depicted for several antigenicity (1) values. It appears that the lower part of the HITC isocline climbs
upwards as I increases; when I becomes sufficiently large it coincides with the proliferation threshold
(the horizontal upper part). For such antigens tolerance becomes impossible. (b) depicts the outcome
of the dynamic analysis of antigenicity. The left bar indicates the antigenicity range in which small
antigen doses (AG = I) fail to induce proliferation; the right bar indicates the range in which large doses
(AG = 10R) do cause proliferation. Weak antigens are thus always tolerated, strong antigens always
rejected. In the interesting overlapping range (1 1 - 13), antigens are rejected in high doses but
tolerized in low doses (or in neonatal circumstances). Parameters as in Table 2 (DP - 0.01, M =0).

becomes invisible in the isocline plot because the intermediate IIITC' 0 region is
eliminated). Such antigens therefore always induce a proliferative immune response;
they cannot be tolerated.

The numerical analysis of the role of antigenicity is depicted in Fig. 4(11). The
left bar in the figure represents the antigens that can he low zone tolerized, i.e. the
antigens that fail to induce proliferation when they are introduced as a single cell.
The right bar represents all antigens that do induce proliferation after being intro-
duced in a large dose (AG = 108, e.g. a full-grown organ). Antigens that induce
proliferation are always rejected; the lymphocytes can expand infinitely whereas
the maximum antigen size is limited. In the interesting antigenicity range (i.e.
1 < = I < = 13) the antigens can be tolerated (neonatally or in low doses) or rejected
(sufficiently large doses in mature systems). If the self antigens belong to this group,
they require explicit tolerization in order to prevent autoimmunity. Precursor deple-
tion provides such a tolerance process.

THE MEMORY MODEL

Because precursor depletion hinges upon the longevity of the precursor cells and
because (at least part of the) precursors are reported to he short-lived (Rocha et
al., 1983; Jerne, 1984), we next investigate a model that divides the precursors into
short-lived virgin (unprimed) cells and long-lived (primed) memory cells (i.e. M = 5,
DP=1, DM= 10-3). We will show that this "memory" model accounts for (1)
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neonatal, low zone and high zone tolerance; and (2) generates a difference in the
antigenicity of self and non-self antigens. The major restriction of the (previous)
simple model, i.e. that self antigens must be relatively weakly antigenic (I < = 13),

is thus removed.

Model behaviour: high zone tolerance

If a large dose of the same antigen as used in the simple model (I = 10, see Fig.
2(a)) is introduced into a mature system with short-lived precursors (Fig. 5(a)), the
antigen is tolerated instead of rejected. Because precursors are short-lived, steady-
state virgin precursor populations are small (i.e. I/DP = 10 cells, day 0-10); too
small for pushing the system over the proliferation threshold, even if antigen is
introduced in a large dose (AG = 108). Precursors are depleted by activation, effector
populations reach a small stable equilibrium, and memory cells are never generated
because the antigen concentration is too high.

Model behaviour: memory accumulation

A small dose of this antigen (I = 10, Fig. 5(b)) slowly activates (and depletes)
the precursor population (day 0-60). Because the (re)stimulatory conditions are
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FIG. 5. The behaviour of the memory model. (a) depicts the tolerization of a large dose (AG = 10")
of the antigen I = 10. which was rejected in the simple model (Fig. 2(a)). A low dose (AG = I) however
induces proliferation because memory cells accumulate (day 0-100; antigen hence regresses and the
system settles into a stable equilibrium (b). The large antigen dose (AG = 108, a complete organ) is also
tolerized in neonatal circumstances (c). Parameters as in Table 2 (I = 10, DP = 1, M = 5).
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poor (antigen is small), the generated effectors return to the memory stage. Memory
cells are protected from the high precursor and effector decay rate ( DM

and hence accumulate. Thus the clone size increases; memory cells acquire a
population of 230 cells around day 70. Proliferation remains absent in this period
because effectors quickly become memory cells again, and thus remain below the
proliferation threshold. Once antigen becomes sufficiently large (around day 100)
for restimulating effectors and reactivating memory cells however, the 230 memory
cells push the effectors over the proliferation threshold and proliferation commences.
The clone size now increases steeply (by proliferation) and the antigen, as a
consequence, regresses. The system settles into a stable equilibrium with a low
(harmless?) antigen concentration (AG = 103), few effectors (HITC = 200) and many

memory cells (MEM = 104). The system is immune to subsequent introduction of
antigen.

In conclusion this antigen (I = 10) is tolerized in a high dose but induces prolifer-
ation and immunity when it is introduced in a smaller dose; this phenomenon
corresponds to high zone tolerance. Immunity develops by virtue of memory accumu-
lation; memory cells accumulate when stimulatory conditions are poor.

Model behaviour: neonatal tolerance

During neonatal life precursor influx is low but stimulatory conditions are good,
i.e. antigen (the organ) is fully developed (AG = 108, Fig. 5(c)). Thus effector
restimulation is high and memory cells fail to accumulate, hence the organ is
tolerated. We conclude that self antigens fail to accumulate memory cells because
stimulatory conditions are good. This failure extends to mature life as long as the
self antigen remains present in the same (relatively) high concentration.

Static analysis

The model still switches between tolerance and proliferation (Fig. 5(a) vs 5(b)),
but in reversed circumstances. We again investigate this switch statically: Fig. 6
depicts the isocline planes of the memory model. This model consists of four
variables; we project these into the 34) state space (for I = 10) by making quasi
steady-state assumptions for memory cells (Fig. 6(a), (b)) or for precursor cells (Fig.

6(c), (d)). In the 2-D state space (Fig. 6(e)) both quasi steady-state assumptions are

made (for I = 10). The antigen is identical to that of the simple model and is hence

not shaded. The precursor plane (Fig. 6(a) resembles that of Fig. 3(a): it is almost
identical at high antigen concentrations but its position at low antigen concentrations
is shifted backwards 100-fold (precursor longevity was decreased 100-fold). As a
consequence the left side of the precursor plane is situated behind the effector plane
(i.e. in the HITC < 0 region); this is not the case in Fig. 3(a). Moreover, the precursor
plane bridges a far smaller region in the state space, i.e. precursor kinetics are far

more restricted. Both features explain why precursor kinetics fail to push the system
over the proliferation threshold (Fig. 5(a)). The effector plane of Fig. 6(b) is very
similar to that of Fig. 3(b); large effector populations at low antigen values, however,
decrease here because the cells become memory cells; i.e. the upper slope of the
plane is steeper here (almost vertical). The form of the memory plane (Fig. 6(c)
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illustrates that large steady-state memory populations require antigen to be small;
large effector populations increase that steady-state memory population. The form
of the effector plane (Fig. 6(d)) is similar to that of the previous effector planes,
the fold however is more pronounced. Note that the proliferation threshold disap-
pears (the fold closes) at sufficiently high memory numbers: accumulated memory
populations push the system over the proliferation threshold.

The reduction into two dimensions (Fig. 6(e)) generates a very similar isocline
plot for the antigen I = 10 (compare Fig. 3(d)). The figure shows a high proliferation
threshold and a low tolerance isocline enclosing a (shaded) region of effector decline.
The trajectory of Fig. 5(a) (high zone tolerance) is indicated by the dash-dotted
line. In contrast to Fig. 3(d), this same antigen in the same dose fails to bridge the
intermediate HITC' < 0 zone. In the absence of memory cells quasi steady-state
assumptions are apparently more reliable here, because precursor kinetics are more
restricted (see Fig. 6(a)).

The low zone memory accumulation trajectory (Fig. 5(b)) is represented by the
dashed line. By accumulating memory cells the model passes the proliferation
threshold, (apparently) ignoring the quasi steady-state assumptions; by proliferation
the trajectory crosses the AG = 0 isocline leading to antigen regression, and as a
consequence, but again ignoring the quasi steady-state assumptions, leading to
effector decline. Effector increase in the HITC' < 0 region is due to the rapid
activation of accumulated memory cells (day 75-100); effector decrease in the upper
HITC' > 0 region is due to rapid effector return to memory cells (day 120). Effectors
and antigen decline until the stable intersect between the proliferation threshold
and the AG' = 0 isocline is reached (this same intersect is instable in the simple
model).

The neonatal trajectory (dotted) line ends up in the tolerance equilibrium, and
is identical to that of the simple model. Here, however, the large dose (dash-dotted)
is also tolerated.

Antigenicity

Figure 7 is the memory equivalent of Fig. 4. The static analysis (Fig. 7(a)) yields
comparable results, i.e. an isocline plane similar to that of Fig. 4. The model
behaviour (numerical analysis, Fig. 7(b)) however differs considerably: the left
(tolerance) and the right (rejection) bar no longer have an overlapping antigenicity
range. In the intermediate zone between the bars large doses are tolerized whereas
smaller doses induce proliferation (e.g. I = 10, Fig. 5(a) and 5(b)). Thus if they are
to be rejected, large antigen doses need to be more antigenic (I > = 14) than small
doses (I > 9). Small doses need to be sufficiently weak (I < = 9) for to induce
tolerance (i.e. absence of proliferation); such tolerized antigens expand to their
intrinsic size.

Memory accumulation

In the memory model slow activation of virgin precursors no longer reduces the
clone size (i.e. the precursor depletion phenomenon of the simple model) because
precursors and effectors now have an equal life span. Conversely, slow precursor
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Flo. 7. The effect of antigenicity on tolerance in the memory model. Figure 7 is the memory equivalent
of Fig. 4. Although the static analysis (a) yields similar results, the dynamic analysis (b) is totally different.
Weak antigens are again always tolerized, and strong antigens always rejected, but the bars no longer
overlap: in the intermediate zone (9 < 1 < 14) antigens induce proliferation in small doses but are (high
zone) tolerized in large doses. Parameters as in Table 2 (DP= 1, M = 5).

activation (in low dose circumstances) now coincides with rapid memory accumula-
tion, i.e. with an increase in clone size. And indeed, the situation is reversed: large
antigen doses are tolerized (in both neonatal and mature conditions) and smaller
doses evoke immunity. Returning to the topic of self non-self discrimination we
have seen that self antigens fail to accumulate memory cells (Fig. 5(c)). Self antigens
can thus be differentiated from non-self if non-self antigens accumulate memory
cells; moreover if they do so, non-self antigens facilitate the development of "their"
immune response because the clone size increases. Non-self specific memory cells
accumulate when stimulatory conditions are poor; we suggest that this is the case
in low affinity cross reactions, i.e. due to multispecificity (of the first kind (Jerne,
1984)).

Cross reactivity

In order to account for cross reactivity we have to incorporate the affinity of the
interaction between the T-lymphocyte receptor and the antigen. As we did before
(De Boer et al., 1986c), we suppose that low affinity reduces the intensity of the
interaction, i.e. for low affinity clones a far larger antigen concentration is required
for maximum stimulation (corresponding to the multiplication of Ag by its affinity).
In Fig. 8(a) we depict the steady-state memory population that is reached when
large doses (AG = 108) of different antigens varying in affinity are presented to three
clones of T-lymphocytes (I = 0.1, I = 1, and I = 10 respectively). Intermediate affinity
antigens evoke the largest memory populations: low affinity antigens fail to activate
precursors whereas high affinity antigens block memory generation. The size of the
steady-state memory population depends almost linearly on the daily precursor
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influx (I); the maximum reached when I = 0.1 is about 30 cells, this is insufficient

to push the clone over the proliferation threshold even if the cells are activated by
a high affinity antigen (Fig. 8(b), the right bar). We conclude that memory popula-
tions easily accumulate by cross reactivity, and that, for a sufficiently high precursor
influx (I > = 0.4, Fig. 8(b)), memory accumulation enables the clones to cross the
proliferation threshold whenever "their" high affinity antigen enters the immune
system. Clones with an insufficient daily influx easily accumulate sufficient memory
cells whenever they cross react (with low affinity) during a proliferative immune
response, because they then profit from the local IL2 production (not shown). This
corresponds to elongation of the right bar in Fig. 8(b).

rn=0
olr 1
1 10 0

3

5

3

102 16"to-'°Io-910 "to
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usal_

10 10 10

Tolerance of for 40

(11
(0 4)

Rejection of Ag =108

FIG. 8. (a) the steady-state memory population arising by cross reactivity, as revealed bysimulation.
It appears that intermediate affinity antigens evoke the largest steady-state memory populations. A 10-fold
increase in antigenicity (I) approximately corresponds to a 10-fold increase in the steady-state memory
population (about 100 memory cells are required for pushing any clone over the proliferation threshold).
(b) the effect of accumulation on tolerance. The figure is similar to Fig. 7b but memory cells are first
allowed to accumulate by a low affinity interaction (AA 10 '). Large antigen doses become rejectable
by memory accumulation and low doses are less often tolerized (compare Fig. 7(b)). However, the bars

now overlap (for 0.4 < = 1< = I ), which corresponds to low zone tolerance (compare Fig. 4(b)).
Parameters as in Table 2 (DP = 1, NI = 5).

Clones cross reacting with low affinity to self antigens (i.e. by multispecificity)
should already start to accumulate memory cells neonatally; note however that the
clones with high self affinity fail to do this (Fig. 5(c)). Thus the neonatal T cell

repertoire is strongly influenced by the self environment: it is depleted of self reactive

clones but enriched in self cross-reactive clones. Experimental determination of the
antigenicity of foreign antigens should therefore yield relatively high (memory)
precursor frequencies. The major shortcoming of the simple model, namely that self
antigens had to be weakly antigenic, is thus evaded: self antigens are indeed relatively
weak because non-self antigens appear as stronger antigens due to memory accumu-
lation.
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Low zone tolerance

Accumulated memory populations are "precursor" depleted when they are slowly
activated by a high affinity antigen. Introduction of a high affinity antigen in a low
dose (AG = 1) activates the memory cells slowly, yielding only a few effectors which
decay rather than proliferate. Thus the clone size decreases, because long-lived
memory cells are replaced by short-lived effectors, i.e. by (simple) precursor deple-
tion. This is shown by the left bar in Fig. 8(b): in the antigenicity range where the
bars overlap small doses (AG = 1) induce tolerance whereas large doses (AG = 108)
induce proliferation. This accounts for low zone tolerance. We conclude that in the
memory model neonatal tolerance can occur for all antigens for which I < 14 (Fig.
7(b)); high zone tolerance for 9 < I < 14 (Fig. 7(b)), and low zone tolerance for
0.4 < = I < = I (for this particular affinity (AA = 10-6), Fig. 8(b)). Neonatal tolerance
thus develops most easily. Note that in the simple model neonatal and low zone
tolerance coincide (Fig. 4(b)).

The humped curves of Fig. 8(a) demonstrate that memory cells no longer accumu-
late in low dose circumstances. The introduction of a low dose of a high affinity
antigen increases the stimulatory conditions markedly; the maximum accumulated
memory population should therefore decline.

Self non-self discrimination

The actual differentiation of self and non-self is demonstrated in a memory model
with two lymphocyte clones: one (HITCa, see Table 3) with high affinity to self
and low affinity to non-self (i.e. AA = 1 and AV = 10-6), and another (HITCv) that
cross reacts with low affinity to self but which has high affinity to the foreign antigen
(i.e. VA = 10-'6 and VV = 1). The foreign antigen (VR) can, for instance, be a virus
infecting the immune system during mature life (at day 1000, Fig. 9). In the model
we suppose that IL2 remains restricted to the local compartment of production (e.g.
a lymph node), i.e. the clones do not profit from each other's IL2. During the
neonatal development, i.e. in presence of self (AG) and in the absence of virus
(VR), virus specific memory cells (MEMv) accumulate (Fig. 9(c)). The AG (self)
specific clone (Fig. 9(a)) behaves similarly to that of Fig. 5(c); we again consider
a clone with I = 10. Although the daily influx of virus specific cells is 10 times lower
(IV = 1) than the influx of the self-clone the VR-clone reaches a population of about
250 cells (the self-clone 15, see Fig. 9(a)). Upon the introduction of a large dose of
the virus (VR = 107, day 1000, Fig. 9(d)) this MEMv population is rapidly activated,
pushing the virus specific clone over the proliferation threshold. Note that prolifer-
ation would never have started had the clone size not increased by memory accumula-
tion (see Fig. 7, or compare the self antigen, AG). After about 18 days of proliferation
the virus is rejected by about 105 effectors (HITCv). The effectors subsequently
become memory cells, leaving a huge, slowly declining memory population. The
presence of about 350 virus specific, but self cross-reacting effectors (HITCy), poses
no threat to the self antigen: the self affinity of these cells (VA) is insufficient for
self destruction (killing). Thus this two-clone immune system discriminates self from
non-self: the virus is rejected by virtue of self cross-reactivity, whereas clones with
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TABLE 3

We consider two memory clones: the populations with the suffix "a" are specific for
the self antigen AG; those with the suffix "v" for the virus VR. The clones cross react
symmetrically. AA is the affinity fo the a-clone to AG, AV its affinity to VR; VA is
the affinity of the v-clone to AG, VV its affinity to VR (AA and VV = 1, AV and
VA =10-6). The maximum antigenic stimulation values are still 1.0 (as in the single
clone model): stimulation is defined as the Michaelis- Menten saturation of the sum
of the different antigen concentrations multiplied by their respective affinities. We assume
that IL2 remains restricted to the local production site, i.e. the clones do not profit from
each other's IL2. Target cell lysis is similarly reduced by low affinity interactions. Note
however that the total killing increases when the number of clones increases. Parameters

are as in Table 2 (EP = 1, M = 5)

SMa = (AA*AG+ AV*VR)/(KM + AA'AG+ AV*VR)
SMv = (VA*AG+ VV*VR)/(KM + VA'AG+ VV*VR)
SHa = (AA*AG + AV*VR)/(KH + AA*AG+ AV*VR)
SHv = (VA'AG+ VV*VR)/(KH + VA*AG+ VV*VR)
IL2a = HITCa*SHa
IL2v = HITCv*SHv
d(MEMa)/dt = M*1-IITCa*(1 SHa) AM*MEMa*SMa DM*MEMa
d(MEMv)/dt = M*HITCv*( 1 SHy) AM*MEMv*SMv DM*MEMv
d(HITCPa)/dt = IA AP*HITCPa*SHa DP*HITCPa
d(HITCPv)/dt = IV AP*HITCPv*SI-Iv DP*HITCPv
d(HITCa)/ dt = AM*MEMa*SMa + AP*HITCPa'SHa + P*HITCa*IL2a/(KI + IL2a)

DE*1-11TCa M*HITCa*(1 SHa)
d(HITCv)/dt = AM*MEMv*SMv + AP*HITCPv*SHv + P*HITCv*IL2v/(K1+ IL2v)

DE*HITCv M*HITCv*( I SHv)
d(AG)/dt = R*AG B*AG*AG K*HITCa*AA*AG/(KK + AA'AG + AV*VR)

K*HITCv*VA*AG/(KK + VA'AG+ VV*VR)
d(VR)/dt = R*VR B*VR*VR IC*HITCOVV*VR/(KK + VV*VR + VA'AG)

K*HITCa*AV*VRAKK + AV*VR + AA'AG)

high self affinity never evoke immunity. Intermediate doses of the virus (103 < VR <
107) also induce proliferation but settle into the same equilibrium as does the antigen
in Fig. 5(b). Lower doses are however low zone tolerized. Low doses of immunogenic
viruses (e.g. IV = 10) however always induce proliferation (see Fig. 8(b), the left bar).

We conclude that the simple and the memory model generate similar phenomena,
i.e. neonatal and low zone tolerance, by precursor depletion and memory accumula-
tion. The memory model in addition (1) accounts for high zone tolerance, and, (2)
generates relatively weak antigenicity for self antigens. The latter was a condition
in the simple model.

Discussion

The interactions incorporated in the models follow conventional Michaelis-
Menten saturation kinetics. The relation between the proliferative response and the
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FIG. 9. Self non-self discrimination: rejection of a weakly antigenic virus (IV = 1) in combination with
the tolerization of a more antigenic self antigen (IA = 10). During the neonatal development virus (VR)
specific memory cells (MEMv) accumulate, whereas self reactive memory cells (MEMa) remain absent.
At day 1000 the virus is introduced: the accumulated population of 250 memory cells pushes the virus
clone over the proliferation threshold, leading to proliferation and virus rejection. The self antigen and
the self reactive clone remain untouched. Parameters as in Table 2 (IA = 10, IV= 1, AA = 1, VV = 1, AV =

10-6, VA = 10-6, DP = 1, M = 5).

IL2 dose was however reported to be logistic (Cantrell & Smith, 1984; Hooton et
aL, 1985); quantitative analysis however demonstrates that the slope parameter of
that logistic function approximates 1.3 (Hooton et al., 1985). A slope of 1.0 yields
the conventional Michaelis-Menten function (used in our models), and the functions
with slope 1.0, or 1.3 differ hardly. If the logistic IL2 dose response is incorporated
in our models (e.g. with slope 2), tolerance development is slightly facilitated: in
the simple model the interesting tolerance region covers 0.8 < = I < = 18, in the
memory model high zone tolerance develops for 11 < I < 19 and low zone tolerance
for 0.3 < = I < = 2.

The combination of numerical integration and isocline analysis has proved to be
a powerful method: the static analysis provided the proliferation threshold, and the
dynamic analysis the conditions under which steady-state assumptions were ignored
and the proliferation threshold was passed. Moreover the differences in numerical
behaviour (Fig. 7(b) vs 4(b)) in combination with the similarity in the static analysis
(Fig. 7(a) vs 4(a), or 3 vs 5) leads us to conclude methodologically, that for valid
conclusions to be drawn static analysis has to be accompanied by (numerical)
behaviour analysis (simulation).
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Proliferation always requires an effector population sufficiently large for maintain-
ing an IL2 concentration that is large enough to induce a cell division rate that
exceeds the rate of cell decay. This is the proliferation threshold. If the proliferating
cells are short-lived, the proliferation threshold is situated at relatively high effector
numbers. Such a large effector population can only be achieved by activation of
the precursors (cells are not yet proliferating); immune systems are therefore only
responsive when full activation of the unprimed precursor populations plus (poss-
ibly) the memory cells generates an effector population larger than the proliferation
threshold. Otherwise, e.g. for weak antigens (Figs 4 and 7), the antigen is tolerated
whatever the dose in which it is introduced.

In responsive systems with long-lived precursors, (1) slow activation of unprimed
precursors or (2) rapid activation of slowly accumulating precursors can result in
a reduced total lymphocyte clone because the replacement effectors have a shorter
life-span than the precursors (proliferation remains absent when effectors accumulate
slowly). Once such a precursor population is smaller than the minimum required
for generating an effector population larger than the proliferation threshold, prolifer-
ation remains absent whatever the subsequent antigen concentration. This corre-
sponds to the development of tolerance in circumstances where other conditions

evoke immunity.
If precursors are short-lived the reverse may occur: unresponsive systems become

responsive when memory cells accumulate. Memory cells accumulate during poor
stimulatory conditions, i.e. in low dose or low affinity circumstances, when activation
proceeds relatively slowly. Antigens that fail to accumulate memory cells are toler-

ated (if they are sufficiently weak). Memory cells accumulate by low affinity cross
reactivity to the self environment, thus yielding a T cell repertoire consisting of
relatively large clones with non-self reactivity. Non-self antigens therefore appear
to be fairly antigenic. We have shown that self antigens fail to induce memory cells,
causing neonatal (self) tolerance. Low antigen doses may evoke proliferation in the
same circumstances in which high doses yield tolerance; this combination corre-
sponds to high zone tolerance. By contrast, accumulated memory populations can
be "precursor" depleted by low doses of high affinity antigens, thus yielding to low

zone tolerance.
The models thus generate two mechanisms for (self) tolerance, and although the

mechanisms differ, the model behaviour is comparable at the macroscopic level.
Both models account for tolerance in similar (and experimentally described) circum-
stances. Both mechanisms are intrinsic features of T cell activation and proliferation
process and hence require no suppressive interactions. In fact the processes yield
a form of clonal anergy [Nossal, 1983] in which the activity of each individual cell
is preserved. The fact that proliferative T-lymphocyte clones can be silenced without
receiving any down regulatory signal is strongly counterintuitive, but emerges as a
robust property of models with a proliferation threshold. The major implication of
a proliferation threshold is that small clones (i.e. clones activated by weak antigens)
are silent; precursor depletion silences larger clones, memory accumulation wakes
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up silent ones. It remains to be established experimentally whether biotic immune
systems develop self tolerance by means of a proliferation threshold, precursor
depletion and/or memory accumulation.

EXPERIMENTAL DATA

In accordance with the model behaviour is the fact that the prolonged maintenance
of tolerance requires the continuous presence of the antigen (Humphrey, 1964;
Boyse et al., 1970, 1973), and that tolerance corresponds to a reduction in the number
of antigen binding cells, i.e. in reduced clone size (Siskind, 1984; Fazekas de St
Groth et al., 1984). The fact that in the models tolerance develops due to a paucity
in IL2 fits in with the general observation that antigenic stimulation (signal 1) in
the absence of helper T cell factors (signal 2) generates unresponsiveness (Bretscher
& Cohn, 1970; Metcalf, 1976, 1977; Teale et al., 1979; Claman, 1979; Cleveland &
Claman, 1980). We show here that the absence of signal 2 (IL2) can be caused by
insufficient precursor or memory accumulation.

The major problem concerning the present results is however the sensitivity of
these tolerance processes to external IL2 supply, e.g. IL2 produced by other (possibly
distant) immune reactions to unrelated antigens. If the models tolerance easily
terminates when such an external source of IL2 is incorporated, e.g. if the two
clones of the Table 3 memory model (Fig. 9) were to exchange IL2 the self reactive
clone would cross the proliferation threshold, yielding autoimmunity. Some experi-
mental data however reveal similar phenomena: (1) the induction of neonatal
tolerance can be abrogated by IL2 administration (MalkovskY et al., 1984; Malkovskj,
& Medawar, 1984), (2) administration of IL2 enhances the development of (spon-
taneous insulin-dependent) autoimmunity in BB rats (Kolb et al., 1986), and (3) T
cell tolerance to Mycobacterium leprae in leprosy patients is known to terminate
upon the administration of IL2 (Haregewoin et al., 1984). However, in other
experimental situations tolerant lymphocyte clones cannot be stimulated again
(Streilein & Gruchalla, 1981; Gruchalla & Streilein, 1982; Feng et al., 1983; Carnaud
et al., 1984).

A possible explanation for the fact that IL2 derived from distant immune reactions
fails to push self reactive clones over the proliferation threshold is the high turnover
of IL2 in the blood (Smith, 1984a; Lotze et al., 1985a,b). We must therefore assume,
as we did in Fig. 9, that IL2 effects are mediated locally, i.e. in the particular lymph
node that has trapped the reactive lymphocytes. This however seems a quite reason-
able assumption.

Systemic administration of IL2 to e.g. cancer and AIDS patients should however
lead to autoimmunity. An explanation for the absence of such clinical data (Lotze
et al., 1985a,b) would be: (1) again the high turnover of the 1L2 in the blood and
(2) the absence of virgin precursors due to involution of the thymus. After puberty
the thymus regresses, yielding a reduction in the influx of virgin precursors (Weksler
& Siskind, 1984). Once the influx becomes zero our clonal anergy turns into a clonal
abortion (Burnet & Fenner, 1949) (thus eliminating the controversy on anergy and
abortion), because self reactive clones, lacking memory accumulation, depend
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entirely on thymic efflux. The absence of precursors would account for the immunity
of the tolerance process to systemic administration of IL2.

ANTIGEN PRESENTATION ILI

Experiments have shown that antigen presentation and ILI production by antigen
presenting cells play a crucial role in tolerance development: the bypassing of
antigen presentation markedly facilitates tolerization (Unanue, 1984). For the sake
of simplicity we have omitted antigen presentation from our models. Although it is
generally assumed that bypassing antigen presentation induces suppressor T cells
which account for the observed tolerance (Germain el al., 1980; Unanue, 1984),
such results can be reinterpreted in terms of a proliferation threshold. ILI is a
co-factor in T-lymphocyte proliferation: it induces IL2 receptor expression and it
increases IL2 production (Oppenheim et al., 1986). The ILI concentration therefore
determines the height of the proliferation threshold. Low ILI concentrations corre-
spond to high proliferation thresholds and hence to increased tolerance development.
We conclude, again, that the explanation involving suppression can be avoided.
(Note that antigen presentation is low in neonatal circumstances (Argyris, 1984;
Unanue, 1984.)

MHC RESTRICTION

In this paper we consider the negative selection process which eliminates MHC-
restricted peripheral T-Iymphocytes that recognize conventional self antigens. We
have concluded that down regulation is not a prerequisite for (conventional) self
tolerance.

Here we would like to speculate on the positive selection process which selects
T-lymphocytes with sufficient affinity to the self MHC. We restrict ourselves to the
discussion of helper T cells (i.e. to class II MHC restriction) because helper T cell
unresponsiveness should also imply tolerance for the helper dependent cell types
(cytotoxic T-lymphocytes, B-lymphocytes), see e.g. De Boer & Hogeweg (1986a,b).
Suppose that this process occurs within the thymus (Zinkernagel et al., 1978; Smith,
19846); after their arrival from the bone marrow, most T-lymphocytes die in the
thymus; a few survive and are expanded by (intrathymic) proliferation (Scollay et
al., 1984). Suppose that the only T-lymphocytes that proliferate are those that are
sufficiently stimulated by the intrathymic MHC (in analogy with peripheral stimula-
tory requirements for proliferation), and that non-stimulated cells, lacking prolifer-
ation, decay (in analogy with the peripheral proliferation threshold). This would
account for a peripheral T-lymphocyte repertoire ranging from intermediate to high
affinity to self MHC.

The high affinity subset of these cells is expected to respond to the MHC (class
II) expressed on several pheripheral cell types. If such high affinity cells are
sufficiently rare, i.e. if their influx (I) is sufficiently low, these high affinity T-
lymphocytes can be "eliminated" by precursor depletion and/or failure of memory
accumulation. (The situation is not different from that in conventional self antigens).
The frequency of T cell receptors with such high affinity to one of the very many
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different MHC molecules (i.e. the self MHC) can indeed expected to be low. Once
the virgin T-lymphocytes with high affinity to self MHC are eliminated, the peripheral
T cell repertoire will consist only of cells with intermediate affinity to self MHC.
(See Grossman (1982, 1984) and Dröge (1981a,b) for different explanations for the
same end result.)

It is tempting to speculate that this intermediate affinity to self MHC suffices for
memory accumulation, thus increasing the size of all non-self reactive clones.
Moreover, note that cells with high affinity to foreign MHC are not eliminated by
the processes, i.e. high alloreactivity is compatible with the current results. High
alloreactivity suggests that alloantigens cross react with self MHC or with self MHC
plus foreign antigen (i.e. self antigen), resulting in memory accumulation. The
occurrence of the latter cross reaction is supported by data (Wilde et al., 1984;
Ashwell et al., 1986).

Suppose that the cells with intermediate self MHC affinity do not respond to the
peripheral MHC (note that they did respond to intrathymic MHC), i.e. suppose
that peripheral conditions are less stimulatory than intrathymic conditions (e.g. due
to the lack of thymic hormones). Sufficient affinity can then be achieved when
conventional antigens are co-expressed with MHC antigens. Antigenic fragments
associated with MHC should indeed transform the intermediate affinity interaction
into a high or low affinity interaction. The former situation leads to an immune
response, the latter to absence of interaction. In conclusion, peripheral T cells with
high affinity to self MHC plus conventional self antigens are silenced by precursor
depletion and/or kept silent by the failure of memory accumulation. The other
clones expand, constituting the well-known peripheral T cell repertoire that consists
of cells that respond to self MHC plus foreign antigen.

ANTIGENICITY

In our previous analysis of the low zone tolerance phenomenon we demonstrated
that precursor depletion accounts solely for tolerance to weak antigens (De Boer
& Hogeweg, 1986a,b). If conventional self antigens are only weakly antigenic, i.e.
if they belong to the group of antigens that are always tolerated (i.e. I < 1 or I <9
in the simple and memory model respectively), the proliferation threshold is in itself
a sufficient explanation for self tolerance. Although it is conceivable that receptors
that recognize conventional self are eliminated by genetic selection, which would
indeed lead to very few self reactive precursors (i.e. weakly antigenic self antigens),
this possibility is uninteresting because it would mean tolerization of self antigens
whatever the circumstances in which they are presented to the immune system. In
the simple model the interesting self tolerance region, i.e. the region in which both
rejection and tolerance occur, ranges from 1 < = I < = 13 (Fig. 4(b)). If the self
antigens belong to this group, explicit tolerization is indeed required for avoiding
self destruction (autoimmunity); this can occur during neonatal life and precursor
depletion can account for it.

The memory model suggests an even more interesting possibility: all antigens,
self or non-self, may be too weakly antigenic to initiate proliferation by (virgin)
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precursor activation alone. Then cross reactivity and memory accumulation must
be responsible for pushing immune reactions to any (possibly foreign) antigen over
the proliferation threshold. In contrast to all other antigens, self antigens are tolerated
because they fail to accumulate memory cells. Moreover, this conceptualization of
immune systems explains thymic involution: once the periphery is fully seeded with
memory cells, immune dynamics operate by memory accumulation, due to cross
reactivity (multispecificity), totally independently of virgin precursor influx.

We thank Miss S. M. McNab for linguistic advice, and Dr Ton Logtenberg for critically
reading the manuscript.
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Chapter 1.4

A Helper T cell Proliferation Threshold
for Reasonable IL2 Parameters

Our previous theoretical analysis of the IL2 proliferation process [De Boer & Hogeweg,
1986, 1987a,b], showed that the capacity of a helper T cell population to proliferate in
response to the IL2 it produces depends critically on the initial size of that population. Small
helper T cell populations produce too little IL2 to initiate proliferation. Only populations
that exceed the "proliferation threshold" become capable of (infinite) autocrine growth. The
IL2 parameters that we used previously were partly chosen arbitrarily however. We here show
that for more realistic parameter estimates very similar results are obtained.

Model and Parameters

Formal description. We consider only one clone of helper T (Th) lymphocytes. All cells of this
particular clone are are maximally stimulated by antigen. These cells respond to this antigen in a
peripheral (mouse) lymph node. For reasons of simplicity we consider a compartment within this
lymph node in which all cells (of this clone) and IL2 molecules are mixed homogeneously. Cells do
not compete for antigen [Ashwell et al. 1986a]. The compartment is seeded with cells of this clone by
the thymus at a rate of S cells per day. IL2 molecules are produced locally, i.e. only by the cells in
this volume.

The IL2 dose response curves are known to: 1) be slightly sigmoid on a linear scale [Hooton et
al. 1985], 2) reach 50% of their maximum around an IL2 concentration of 5pM [Ashwell et al.
1986b; Gullberg & Smith, 19861, and 3) be identical for proliferation and IL2-receptor binding [Robb
et al. 1981]. Our IL2 dose response function F(IL2) is a sigmoid saturation curve with 50% of its
maximum at IL2=Ki:

IL2U
F(IL2) (Note that 0 F(IL2) )

+ IL2U

We conceptually prefer to consider the number of IL2 molecules in our volume and not the IL2
concentration. Both IL2 production and IL2 absorption are measured in terms of molecules and not in
concentrations. (In this model however, 1L2 molecules diffuse homogeneously over the compartment;
thus the IL2 ,cacentration is simply a constant fraction of our population of IL2 molecules). One,
maximally stimulated, helper T cell (Th) produces M molecules of IL2 per day. IL2 absorption
depends on the presence of IL2 (according to F(IL2)); one cell maximally absorbs A molecules per
day. IL2 decays or is removed at a rate R per molecule. The following differential equation is the
formal equivalent of this verbal argument:

IL2' = MoTh - AoThoF(IL2) - RoIL2 (1)

The helper T cell population (Th) receives a constant influx (S) of precursor cells from outside the
volume (i.e. from the thymus). Th populations proliferate in response to IL2, at a maximum rate of P
divisions per cell per day. The Th cells turn over at a rate D per cell per day:

Th' = S + PoThoF(IL2) - DoTh (2)
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Figure 1. Fig. la: the steady state Th population as a function of the net influx of precursor cells (S);
S is slowly increased. The curve is obtained by numerical integration using GRIND 1De Boer, 1983]
which incorporates ROW4A [Gottwald & Wanner, 19811. Fig. 1 b-d: the Th'=0 and IL2'.0 isoclines in
the Th-IL2 state space. 0-isoclines subdivide a state space into qualitatively different regions (see
Segel (19871 for further explanation). The straight diagonal line is the 1L2'=0 isocline; the bent line
that of Th'=0. The region in which both Th and 1L2 increase (i.e. the proliferation region) is shaded;
for the present analysis we need only consider this region. Stable equilibrium points are marked by
circles. Fig. lb) S=1,2,4,8,16,32: the 0-isoclines only intersect if S is sufficiently low; 1 c) S=5: the
0-isoclines intersect and form a tolerance equilibrium in the lower-left corner; 1d) S=15 : the
0-isoclines fail to intersect and the proliferation region forms a continuum. 0-isoclines are drawn by
means of GRIND [De Boer, 19831.

For reasons of simplicity and clarity we deliberately kept this model very simple (i.e. minimal);
similar phenomena however also occur in much more complex models incorporating antigen
presentation, antigen growth, and cytotoxic T-Iymphocytes [De Boer & Hogeweg, 1987b].
Furthermore, we ignored the fact that IL2 regulates IL2 receptor expression [Ashwell et al. 1986b].

Parameters. Most parameters used in these models were determined experimentally by in vitro
experiments. Due to discrepancies between the in vitro analysis and the in vivo process, and due to
experimental difficulties, such parameters can only be estimated crudely. We nevertheless derive our
parameters from the emperical literature because the only alternative is to choose them arbitrarily.
Two parameters are entirely unknown: 1) the size of the homogeneous compartment, i.e. the rate of
IL2 diffusion, and 2) the half life (R) of IL2 in the lymph node. As a standard we choose a volume of

and we assume a short half life for IL2 (R=100, i.e. 10 minutes). Both unknown parameters will
be varied in our analysis. Note that because we assume that the IL2 molecules produced per helper T
cell are diluted homogeneously over our standard volume, changing the size of the volume changes
the IL2 concentration, i.e. changes the Ki parameter (the number of IL2 molecules required for 50%
proliferation).
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One helper T cell produces 40107 IL2 molecules in three days [Vie & Miller, 19871; we round
this to M=107 molecules per cell per day. A lymphocyte absorbs 2000 IL2 molecules per hour
[Gullberg & Smith, 1986]; we round this to A=50104 molecules per cell per day. The IL2
concentration at which proliferation reaches 50% of its maximum is 6.25pM [Gullberg & Smith,
1986]. However, if the experimental procedure circumvents the problem of IL2 consumption, this
parameter varies around 4.4 pM [Ashwell et al. 1986b] (for an antigen activated cytochrome c-specific
murine helper T cell clone). Even the latter might be an overestimate since T cells might have
become refractory to IL2 during the assay [Ashwell et al. 1986b]. For our standard volume of fill we
therefore round these figures to Ki=30106 molecules (which roughly corresponds to an IL2
concentration of 5pM). The slope of the IL2 dose response curve is 1.45 [Hooten et al. 1985]; we
round this to U=1.5. Non-resting T cells are short-lived (D=1) [Rocha, 1987]; a maximum
proliferation rate P=1.5 then yields a 10-fold increase in five days (i.e. an average doubling time of
one day). The influx of cells (S) from the thymus determines the virgin population size (in the
absence of proliferation this is S/D). Influx corresponds to the antigenicity of the antigen recognised
by the lymphocyte population [De Boer et al. 1985, 1986].
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Figure 2. The Th'=0 and the IL2'=0 isoclines at the standard proliferation threshold, i.e. at S=10, for
various values of the IL2 parameters. The Figure displays the sensitivity of the parameters
determining: 2a) absorption, 2b) the sigmoid dose response curve, 2c) the IL2 half-life, and 2d) the
size of our homogeneous volume (measured by the IL2 concentration or Ki).

Results and Discussion

Proliferation threshold. For the present "realistic" parameters the proliferation threshold is located at a
Th influx of about 10 cells per day (Fig. 1). In our previous models [De Boer & Hogeweg, 1986;
1987a,b] it was similarly located at an influx of about 12 cells per day. Fig. la shows that if we
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slowly increase the influx parameter, the system suddenly (at S-10) initiates Th proliferation. This is
explained in Fig. lb-d: above S=10 the Th'=0 and the IL2'=0 isoclines no longer intersect. The
straight diagonal line is the IL2'=0 isocline: the IL2 steady state depends linearly on the Th and IL2
density. IL2 increases whenever the Th population is sufficiently high (i.e. IL2 increasesabove the
diagonal line). (The region in which both Th and IL2 increase, i.e. the proliferation region, is shaded).

The curved Th'=0 isocline consists of two straight parts. The horizontal part is located at low 1L2
densities: it is the collection of (stable) tolerance states; proliferation cannot occur here. (If Th were to
increase, it would enter the Th'<0 region, i.e. it would decrease again). The vertical part (in the
middle) is the proliferation threshold; once the IL2 concentration exceeds this critical threshold the

system enters the large proliferation region. Fig. lb displays the isoclines various influx values, lc)
for S=5, and Id) for S=15 (Fig. lc and Id are just below and just above the proliferation threshold).

The difference is clear: the Th population remains tolerant if the isoclines intersect, whereas it
proliferates if they don't intersect. In the Th-IL2 space, immune reactions always start on the left, i.e.

at low IL2 concentrations, and at the steady state Th population, i.e. at the horizontal Th'=0 isocline.
If the isoclines intersect (i.e. if S<10), IL2 will increase minimally until the stable (left) intersect is
reached. Beyond this intersect proliferation (i.e. the region in which both Th'>0 and IL2'>0) is
impossible; the high proliferation region in the upper-right corner is thus unattainable. The system
therefore remains in this "tolerance" equilibrium. If the isoclines do not intersect, the proliferation
region is a continuum, so the system will always proliferate (i.e. be responsive).

In Fig. 2 we test the sensitivity of these results for the various parameter values. We draw the
isoclines at the standard proliferation threshold (i.e. for S=10) for different values of a) IL2 absorption
(A=103 and A=106), b) the power of the dose response curve (U=1 and U=2), c) the half-life of IL2
(R=10 and R=100), and d) the size of our homogeneous volume (i.e. the Ki parameter; Ki=30105 and
Ki=3o106). The shading indicates the parameter sensitivity. The location of the tolerance equilibrium
is fairly independent of the well established A and U parameters, but depends critically on the values
of the two unknown parameters R and Ki. If the turnover rate of IL2 is decreased 10-fold (R=10, i.e. a

half life of 1-2 hours) or if the homogeneous volume is decreased 10-fold (to 0.1111, i.e. to Ki=30105
because the IL2 concentration increases 10-fold) the tolerance intersect disappears (for S=10).
Populations are therefore usually capable of proliferation. Increasing the 11.2 half life shifts theIL2'=0

isocline to the right (Fig. 2c); decreasing the volume shifts the proliferation threshold to lower IL2
densities (Fig. 2d). We conclude that, for S=10, the tolerance equilibrium exists if (and only if) 1) the
half life of IL2 is sufficiently short, and 2) IL2 is quickly diluted over a sufficiently large volume.

TH

88

0.1 1.0 10.0 100.0

Figure 3. The Th'=0 isocline of our
simplified model (i.e. eq. l' and 2) as a
function of influx (S). The Th'=0 isocline
now appears as a catastrophe cusp. The fat
line is the trajectory of a simulation in which
S slowly increases.
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Because the proliferation threshold is independent of IL2 absorption and the sigmoid dose response
curve, the model can be further simplified without a loss of results. IL2 absorption cannot play a role
in the model because each Th cell produces far more IL2 molecules than it absorbs (i.e. M » A).
Moreover, because the production and turnover of IL2 proceed far faster than those of Th, we can
additionally make a quasi steady state assumption for IL2 (again without a loss of resuls). Hence eq. 1
becomes:

IL2 = (M/R)0Th (1)

This is identical to the IL2 equation of our previous model in which M/R was normalised to one. Fig.
3 displays the Th'=0 isocline (for eqs. l and 2) as a function of Th influx (S). This is in fact a
catastrophe fold: the threshold suddenly disappears at S-10. The fat line is a trajectory representinga
slow increase in S (see Fig. la).

10.0 KI 3.0 10540.0
70.0 1.4 .1066'5.1°5100.0 3.0 106100 0

10.0

TH
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100.0

Figure 4. The Th'=O isocline of Fig. 3 as a function of the two unknown parameters. Fig. 4a: the IL2
half-life (R), and 4b) the size of our homogeneous volume (measured by the IL2 concentration or Ki).
The two unknown parameters markedly influence the location of the proliferation threshold.

In this simplified model we can easily study the effect of the two unknown parameters (i.e. R and Ki).
Fig. 4 shows the Th'=0 isocline (see Fig. 3) as a function of the IL2 half-life (Fig. 4a, R) and the IL2
diffussion (Fig. 4b, Ki). The Figure shows that the proliferation threshold always exists, but that its
location (at the influx (S) axis) depends crucially on the values of these parameters. The threshold
located at S=--10 can therefore be treated as an example which is based on quite reasonable parameter
estimates.

Interpretation

Although in this paper we used parameter estimates that were derived directly from the empirical
literature, the existence and the location of the proliferation threshold are in close accordance with our
previous analysis of helper T cell proliferation [De Boer & Hogeweg, 1986, 1987a, 1987b]. We
conclude that these previous results on self non-self descrimination due to a proliferation threshold
remain valid. A high rate of IL2 turnover is however required if the proliferation threshold is to have
its effect at reasonably large influx values. The half life of IL2 in the blood is indeed very short: about
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7 minutes [Lotze et al. 1985]; our estimate R=100 corresponds to 10 minutes. However, for the
lymph node microenvironment the half life of IL2 is entirely unknown. (Note that IL2 absorption by
unrelated cell types is the same as a short IL2 half life in our model). The rate of IL2 diffusion within
a lymph node is also entirely unknown. Intuitively, we find a homogeneous volume of only 1111 quite
reasonable. The present results thus at least stress the importance of estimating such parameters, i.e.
of bookkeeping, [Jeme, 1984].

Our proliferation threshold is related to the Bretscher & Cohn [1970] "second signal" hypothesis.
This hypothesis considers the amount of signal 2 (i.e. "help") that a cell receives following its
antigenic activation (i.e. signal 1). This signal 2 is provided by another (i.e. a third party) population
of helper cells. By contrast, in this paper we consider the amount of signal 2 (here IL2) that a helper T
cell producing its own signal 2 receives. Although this model is more intricate, the effect is the same.
Signal 2 may be insufficient and thus generate tolerance if the IL2 produced by that helper T cell
decays rapidly and/or diffuses quickly.

This work has been done in close collaboration with Dr. P. Hogeweg. I am grateful to Mrs. S.M.
Mc Nab for linguistic advice.
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Memory but no Suppression in Low-Dimensional
Symmetric Idiotypic Networks
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The Netherlands
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We present a new symmetric model of the idiotypic immune network. The model
specifies clones of B-Iymphocytes and incorporates: 1) influx and decay of cells, 2)
symmetric stimulatory and inhibitory idiotypic interactions, 3) an explicit affinity parameter
(matrix), and 4) external (i.e. non-idiotypic) antigens. Suppression is the dominant
interaction, i.e. strong idiotypic interactions are always suppressive. This precludes
reciprocal stimulation of large clones and thus infinite proliferation. Idiotypic interactions
first evoke proliferation, this enlarges the clones, and may in turn evoke suppression. We
investigate the effect of idiotypic interactions on normal proliferative immune responses to
antigens (e.g. viruses).

A 2-D, i.e. two clone, network has a maximum of three stable equilibria: the virgin
state and two asymmetric immune states. The immune states only exist if the affmity of the
idiotypic interaction is high enough. Stimulation with antigen leads to a switch from the
virgin state to the corresponding immune state. The network therefore remembers antigens,
i.e. it accounts for immunity/memory by switching between multiple stable states. 3-D
systems have, depending on the affinities, 9 qualitatively different states. Most of these also
account for memory by state switching.

Our idiotypic network however fails to account for the control of proliferation, e.g.
suppression of excessive proliferation. In symmetric networks, the proliferating clones
suppress their anti-idiotypic suppressors long before the latter can suppress the former. The
absence of proliferation control violates the general assumption that idiotypic interactions
play an important role in immune regulation. We therefore test the robustness of these
results by abandoning our assumption that proliferation occurs before suppression. We thus
define an "escape from suppression" model, i.e. in the "virgin" state idiotypic interactions are
now suppressive. This system erratically accounts for memory and never for suppression.
We conclude that our "absence of suppression from idiotypic interactions" does not hinge
upon our "proliferation before suppression" assumption.

1. Introduction

The immune system consists of a large number (>107) of different clones of lymphocytes. The
lymphocytes comprising such a clone all share identical antigen receptors. The variable (V) regions
of these receptors are generated by random processes such as somatic recombination and somatic
mutation [Early et al., 1980; Berek et al., 1985]. The primary repertoire can therefore be visualised as
a large (random) array of receptor molecules. Out of the total array of (random) antigen receptors, an
antigen "selects" those structures (those paratopes) that provide a mirror image of the antigenic
structure (the epitope, Jeme [1974]). This is clonal selection theory [Burnet, 1959]. Only the clones
with a receptor (paratope) that fits to one of the antigen epitopes become activated and proliferate.
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Following a period of proliferation, the B-cells acquire an effector function: they secrete their antigen
receptors as antibody molecules which in turn eliminate the antigen. In the present paper we ignore
the important facts that most B-cell responses require help from helper T cells.

Jerne proposed his network hypothesis in 1974. Network theory is an implication of the axiom
that the (random) primary repertoire is complete [Jerne, 1984]. Jerne argued that the V-regions of
lymphocyte receptors should also be recognised by other receptor molecules (paratopes). The
antigenic determinants provided by a receptor molecule are called idiotypes [Jerne, 19741. The
interaction between two receptor molecules (i.e. a paratope seeing an idiotype) is an idiotypic
interaction. The set of such interactions defines the immune network. Via their idiotypic
anti-idiotypic interactions, different clones should thus be able to interact in either a stimulatory or a
suppressive manner. The existence of network interactions, i.e. of idiotypic interactions, has since
been proved with numerous experimental data [Jerne, 1984]. Moreover the possibility that the
functioning of immune systems is regulated by network interactions seems intriguing. Several
authors have suggested that immune networks may account for: 1) the maintenance of steady states
[Jerne, 1974; Cooper et al., 1984], 2) the control of proliferation [Jerne, 1974; Cooper et al., 1984],
3) the development of immunological memory (i.e. immunity) [Jerne, 1974], 4) low zone tolerance
[Jerne, 1974], and 5) self non-self discrimination [Hoffmann, 1975; Jerne, 1984; Holmberg et al.,
1986]. Similarly, idiotypic networks have roused considerable theoretical interest [Richter, 1975,
1978; Hoffmann, 1975, 1979, 1980, 1982; Hiernaux, 1977; Seghers, 1979; Gunther and Hoffmann,
1982; Fey et al., 1984; Fey and Eichmann, 1985; Kaufman et al. 1985; Kaufman and Thomas, 1987;
Fanner et al., 1986; De Boer, 1988; Segel and Perelson, 1988; Perelson, 1988].

Jeme [1974] visualised the immune response as the "escape from suppression": in the absence of
antigen (i.e. in the virgin state) network interactions are suppressive. According to Jerne [1974] this
would guarantee the existence of a stable virgin state; see however Dc Boer and Hogeweg [1989a.
Antigens, e.g. viruses, perturb the suppressed state of the network, which results in proliferation and
antibody production. For T cells similar "escape from suppression" models were proposed (based on
the analyses of limiting dilution curves) [Cooper et al., 1984; Fey et al., 1984; Fey and Eichmann,
1985].

Hoffmann [1975, 1978, 1980] developed a 2-D model (the "plus minus" model) of the idiotypic
network. This model incorporates the very important assumption that idiotypic interactions are
symmetric, i.e. if clone Xi recognises Xi, Xi should also recognise Xi. If recognition corresponds to
complementary matching, an idiotypic interaction should indeed be symmetric. Moreover, cells are
activated by receptor crosslinking [Hoffmann, 1980], which is a process that cannot discriminate
between paratope and idiotype. Additionally a considerable amount of experimental evidence favors the
idea that idiotypic interactions are symmetric [Hoffmann, 1980; Jerne, 1984]. However, although
Hoffmann's [1975] original suggestion that idiotypic interactions are symmetric is very attractive, it
has been followed by only few authors [Fey et al., 1984; Fey and Eichmann, 1985; Jerne, 1984].
Note that symmetric network theory disposes of the distinction between paratope and idiotype; instead
it regards V-regions as "sticky ends" [Hoffmann, 1980].

We here adopt the symmetric network theory. However we abandon the "escape from
suppression" hypothesis: in our model we assume that the virgin state is devoid of (suppressive)
network interactions. Such a model accounts for a (stable) virgin state maintained solely by the
influx and turnover of newborn cells. Furthermore, we think that the most important role that
suppression could play in regulating immune reactions is the control of excessive proliferation. This
requires strong suppressive interactions when lymphocyte populations are large, and not, as "escape
from suppression" implies, in the virgin state. We therefore assume that it is the large anti-idiotypic
populations that are suppressive.

We here investigate the effect that idiotypic interactions can have on the (normal) proliferative
immune response to external (i.e. non-idiotypic) antigens. The effect of idiotypic interactions is
studied as a function of 1) the affinity of the idiotypic interaction, and 2) the number of idiotypic
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interactions (i.e. the size and connectance of the network). We thus require a model that incorporates:
1) influx and efflux of newborn cells, 2) symmetric stimulatory and suppressive idiotypic interactions,
3) affinity, and 4) interaction with external antigens. None of the previous models described in the
literature adequately incorporates these requirements; we therefore develop a new model.

2. Previous models

Hoffmann [1982, 1987] reviewing the previous idiotypic network models concluded that most of the
models were inadequate because they: 1) were asymmetric, 2) lacked influx or efflux, 3) ignore clonal
selection, and 4) could not fulfill the Unpredictability Axiom. The Unpredictability Axiom states that
the strength (i.e. affinity) of the idiotypic interactions must vary considerably, and that results
obtained with network models should be robust to small variations in the interaction strength. In this
review, Hoffmann however does not engage in a critical discussion of the symmetric network models
put forward by him [1975, 1979, 1980] and by Gunther and Hoffmann [1982]. These models
nevertheless have a number of inadequacies.

The Hoffmann models consists of two complementary clones, X+ and X_; idiotypic interactions
induce proliferation (k1) and suppression by IgM (k2) and by IgG (k3). The cells have a turnover rate
k4 and appear at a rate S from thymus or bone marrow.

dX4Jdt = X+.(k1.X_,DE,1 k2oX_0E2 - k3oX_20E3 -14) + S

The "effectivity" (Ei) of the idiotypic interactions is determined by the concentration of antigen
specific (T cell) factors of either the "+" and the "-" specificity:

Ei = 1/(1 + (X+0X./Ci)Ni), i = 1,2,3

for which [Hoffmann, 1979]:

N1=1, N2=2, N3=2.

The saturation or effectivity terms of these models incorporate the product of the idiotypic and
anti-idiotypic (X+0X_) population as a "whole". This product is large, i.e. the terms saturise, if 1)
both populations are large, and 2) one of the two populations (X+ or X_) is sufficiently large. If this
product is large, the X. population proliferates at a rate k1 0C1 whatever the actual size of the X+
population. Similarly, IgM suppression approximates zero in all circumstances in which this product
is large. Only IgG suppression depends on the X.4./X_ ratio. Per individual cell, these terms thus allow
for infinite proliferation or suppression rates. By contrast, the saturation or efficiency of an idiotypic
interaction between populations should remain interpretable at the level of the individual cells that
comprise these populations. Indeed, the physiological constraints of individual cells (e.g. a minimum
time span required for cell division) suffice for defining more realistic saturation effects. Moreover, the
"global" effectivity terms of the Hoffmann models severely hamper the extension of these models
with external antigen and/or additional lymphocyte clones.

The Hoffmann models omit affinity and external antigen. Incorporation of affinity is relatively
easy and enables us to investigate whether these models fulfill the Unpredictability Axiom. It appears
that the existence of four stable states, as decribed by Hoffmann [1979] and Gunther and Hoffmann
[1982], requires a high affinity interaction. If affinity is lowered the Hoffmann [1979] model loses the
two immune states, whereas the model of Gunther and Hoffmann [1982] loses the suppressed state and
has only one immune state. The extension of the Hoffmann models with antigen is, by contrast, very
complex because of the global nature of the efficiency terms. Stimulation with antigen should
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increase the production of T cell factors, and should therefore block the idiotypic interaction between
the plus and minus clone.

We have tested a variety of implementations of external antigens in the Hoffmann [1979] model.
These antigens grow exponentially and are eliminated by the IgM and IgG terms. This however failed
to generate the classical picture of an immune response: proliferation followed by antigen regression,
and finally settlement in an immune state. Depending on its initial size and/or its growth rate, antigen
is either immediately eliminated or expands infinitely. Importantly, in our experiments with these
models, the system never ended up in the suppressed state if we started with "physiological" initial
conditions (i.e. in the virgin or immune state with or without antigen). Thus Hoffmann's suppressed
state is "unattainable". We conclude that although the Hoffmann models define "escape from
suppression" systems that account for switching to immune states and from IgM to IgG, the models
are inadequate for investigating the role of idiotypic interactions in proliferative immune reactions to
antigens.

3. A New Network Model

In our model we make two important choices: 1) idiotypic interactions are symmetric, and 2) all
populations are identical except for the antigen receptor (i.e. the idiotype). We choose for symmetry
because it seems the most minimal (and, in our opinion, most likely) implementation of a
recognition interaction based on complementary matching and receptor crosslinking. Secondly, we
only consider one type of lymphocyte, i.e. we do not differentiate between "helper" and "suppressor"
interactions, because: 1) idiotypic network theory was originally [Jerne, 1974] defined for identical
clones of B-Iympocytes, and 2) symmetric network theory [Hoffmann, 1979, 1980; Gunther and
Hoffmann, 1982] has demonstrated that identical populations adopt "helper" or "suppressor" functions
(i.e. phenotypes) depending on the idiotypic circumstances.

Although these two choices enable us to define a simple and attractive model of the (possibly)
very complex idiotypic network, they necessitate another (third) choice: the distribution of stimulatory
and inhibitory interactions. Idiotypic interactions are empirically known to be both positive and
negative. During an immune reaction the responding idiotype can evoke the production of
anti-idiotypic antibodies [Cosenza, 1976; C.:my, 1982]. This is a positive interaction similar to a
proliferative response to antigen. Administration of anti-idiotypic antibodies can both enhance
[Eichmann and Rajewsky, 1975; Vakil and Kearny, 1986; Bernabe et al., 19811 and suppress [Hardt et
al., 1972; Eichmann, 1974; Vakil and Kearny, 1986] the idiotypic immune response. Because all
populations are identical in our model, and because idiotypic are symmetric, we have no a priori basis
to discriminate between stimulatory and inhibitory interactions. The effect of an idiotypic interaction
can therefore only depend on the (temporal) idiotypic circumstances, i.e. on the concentration of
idiotype and anti-idiotype, and on the affinity of the interaction.

In contrast to what "escape from suppression" [Jerne, 1974] implies, we assume that idiotypic
interactions are suppressive when the concentrations of anti-idiotype are large. In accordance with our
previous work on proliferative immune reactions [De Boer and Hogeweg, 1986, 1987a,b] we thus
assume that populations have to enlarge (by proliferation) before they can have a significant (here
suppressive) effect. Idiotypic interactions are therefore absent or low if the anti-idiotypic populations
are small, e.g. in the virgin state. In between, i.e. for intermediate-sized anti-idiotypic populations,
interactions are stimulatory. In fact, this "proliferation before suppression" assumption corresponds
to the widely accepted idea that the immune response is most vigorous at intermediate antigen
concentrations. We, nevertheless, test the robustness of our results for our "proliferation before
suppression" assumption by analysing an "escape from suppression" version of our model.

Clones have a constant influx (Si) of cells from the bone marrow. Cells have a constant turnover
rate (D). Differences between long-lived memory cells and short-lived effectors are thus deliberately
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ignored. Affinity is a parameter ranging between zero (no interaction) and one (maximum
interaction). We ignore the possibility of an affinity threshold, i.e. a minimum affinity required for
possible interaction. A clone interacting with a number of clones, interacts with the sum of the
anti-idiotypic interactions (ald = anti-Idiotype). One specific immune network can now be defined
completely by an affinity matrix A. A1 specifies the affinity between Xi and Xj. Symmetry in our
model simply means Aii=Aji. Clones never recognise themselves (all A11=0).

For external antigens we consider viruses (Vri) that grow exponentially. We assume, for
simplicity, that virus elimination is identical to anti-idiotypic suppression. The interactions among
idiotypes are thus equivalent to the interactions with external antigens, which is the basic assumption
of idiotypic network theory. The interaction with antigen is however asymmetric because a virus
usually activates lymphocytes but cannot suppress them (the AIDS virus is an exception to this rule).
For reasons of simplicity we assume that each clone can see only one virus, and that viruses are seen
by only one clone; viruses are always seen with maximum affinity. A virus is numbered according to
the number of the clone that recognises it. (If viruses are seen by more clones similar results can be
obtained.)

We propose the following model:

aldi = E Ain

G(Xi, Vri, aldi) =
BoXio(Vri+ aIdi)M CoXio aIdiM

KB M +(FoXi)M + (Vri+ aIdi)M KcM +(FoXi)M + cddiM
dXi

= Si - Do Xi + XioG(Xi, Vri, aIdi)
dt

And for the antigens:

dVri CoVrioXiM
= RoVri

dt KcM +(FoVri)M + XiM

The interaction function G(Xi, Vri, aIdi) seems rather baroque. However, for F=0 and M=1 it simply
specifies the difference between two conventional saturation functions (one for proliferation and one
for suppression). Because we choose KB«KC the proliferation term (B) outweighs the suppression
term (C) at low population (Xi) densities. By choosing C»B (i.e. the maximum suppression rate
» maximum proliferation rate), we assume that the suppression term overrules the proliferation term
at high population densities. Suppression is thus dominant (cf. Richter [1978]). For minimalization
reasons it is important to know that most of the results described in this paper can also be accounted
for by simpler models, i.e. F=0 and/or M=1 (see Fig. 1).

The model incorporates a "buffering" term (F), see e.g. Richter [1978], in order to avoid that the
interaction with Xi cells can become independent of the size of Xi. This would lead to unrealistic
model behavior (especially in high dimensional networks). By choosing F«1 we make these
functions follow conventional saturation kinetics whenever Xi populations are small. At the level of
individual cells F<I means that one X. cell can stimulate or suppress several Xi cells.

Parameters. We exclude long-lived memory cells from our model: all cells live about 5 days
(D=0.2 d-1). If life-long memory occurs it can thus only be caused by a state switch of the network.
An influx of about Sr20 cells per day per clone thus generates a virgin clone size of Si/D=100 cells.
This is a reasonable estimate, De Boer and Hogeweg [1987a]. A normal proliferation cycle takes
about 16 hours: a continuous increase of about 0.5 cells per cell fits this estimate. The maximum per
cell increase is B-D; B should therefore equal 0.7 d-1. Suppression is dominant (i.e. C»B); we take
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C=25 0:1-1. The suppression threshold is higher than the proliferation threshold (i.e. Kg»KC):
KB=103 and KC=106. At low population densities, the effect of buffering should be negligible:
F=0.01. The virus has a doubling time similar to the lymphocyte clones: R=0.5 c1-1. Unless
explicitly stated otherwise, we use M=2 throughout.
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Figure I. The 0, 10, ..., 107 isoclines of the Xi (i=1) clone in an X 1- X2 state space, for three
different versions of eq. 2. Fig. la: F=0 and M=1 (no buffering); lb: F=0.01 and M=1 (buffering);
and lc: F=0.01 and M=2 (buffering and a sigmoid dose response curve). The regions where
proliferation dominates suppression (X150) are shaded.

In Fig. 1 we analyse the interaction between Xi (i=1) and Xi 0=2) for various interaction functions
(G(Xi, aIdi), i.e. for M=1, F=0; for F=0.01 and/or M=2). The shaded regions depict the
respective X150 zones, i.e. the regions in which proliferation dominates suppression. The line at the
boundary of such a region is the 0-isocline. The Figure also shows several other X 1-isoclines (i.e.
10,100,..,106). Fig. la (i.e. F=0, M=1) has an extremely high (>106) proliferation region: about 108
X1 cells proliferate in response to only 104 X2 cells (i.e. 104 stimulator cells per X1). This is
unrealistic. If we include buffering (F=0.01, Fig. lb) this artefact is eliminated: the 0-isocline closes.
The maximum (net) proliferation rate is now about 104 cells per day (for an X1 population of about
105 cells). If M>1 the saturation functions in eq. 2 become S-shaped (Hill functions). The isoclines
for M=2, are shown in Fig. lc: the shape of the 0-isocline is somewhat different from that of Fig. lb
(M=1). The proliferation region is wider: proliferation thus occurs for a larger range of X2 values. In
addition the maximum proliferation rate is higher. The switch between proliferation and suppression
is thus more pronounced. The 0-isoclines for even larger M values (e.g. M=5) are very similar to
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those of Fig. lc. The maximum proliferation rate is however ten times higher. We take M=2 and
F=0.01 (Fig. lc), because we do not want our results to depend on too extreme a saturation function.

The models are analysed by means of GRIND [De Boer, 1983]; GRIND numerically searches for
isoclines and performs numerical integration by means of ROW4A [Gottwald and Wanner, 1981].

4. Results

A 2-D network. Addition of the X2'=0 isocline to Fig. lc yields Fig. 2a. The 0-isoclines of the two
interacting idiotypes (Al2=1) intersect in 5 equilibria. The phase plot in Fig. 2b shows that 3 of
these are stable (the stable states are encircled in Fig. 2a). The steady states are 1) V: the virgin state,
both clones are at their respective S/D values, a value too low for initiating an idiotypic interaction;
and 2) II and 12: the immune states for X1 and X2 respectively. The immune states are asymmetric:
in II, X1 is immune, thus suppressing X2, and in 12 the situation is reversed. X2 is suppressed in
the II immune state: it is far smaller than X1 and cannot respond to its antigen (Vr2) any further (see
below). X2 is nevertheless enlarged in the suppressed state; it is this enlargement of X2 that sustains
the immune state of X1. Note that the enlargement of X2 means that X2 is still stimulated by X1
(i.e. the interaction is not negative): we can however call X2 suppressed because it can never
proliferate again (e.g. to Vr2).

X2 X2

108 A

1 05

100.0

100.0 1 0 1085 X1
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10

100.0

.1 1 Imo io5 108

Figure 2. The X1 and X2'=0 isoclines of a 2-D system (Al2.1). In Fig. 2a the X 1>0 region is
shaded, and the stable equilibria are encircled. Fig. 2b shows the same 0-isoclines in combination
with trajectories starting at various points in the state space. The picture shows the oscillatory
behavior around the immune states.

Our V. II and 12 are equivalent to virgin, immune and anti-immune states uf the Hoffmann [1979,
1982] models. The present states are however generated with far simpler, and in our opinion better,
saturation functions (note that even F=0, M=1 (eq. 2) yields these 3 states). The present model
however lacks the stable suppressed states of the Hoffmann models. In the same region (i.e. both X1
and X2 large) however, the clones do suppress each other. In this model, concomitant suppression is
not a stable situation. Other differences are the absence of interactions in our virgin state (Hoffmann
virgin states are maintained by suppression) and the fact that our immune states are situated above the
source/decay (S/D, i.e. no interaction) equilibrium, whereas those of the Hoffmann models are situated
below it. In the Hoffmann models idiotypic interactions can only decrease population levels.
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Figure 3. The X1 and X2'=0 isoclines as a function of the affinity (Al2) of the idiotypic interaction.
The front plane of this 3-D space is identical to Fig. 3. The X j'=0 isocline plane is shaded, and the
stable equilibria for Al2=1 and Al2.10-3 are encircled.
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Affinity. The form of the 0-isoclines and hence the existence of the steady states depend on the
affinity of the X1-X2 idiotypic interaction (Al2). This is analysed in Fig. 3, which includes an
affinity axis. The front of this cube is identical to Fig. 2 (Al2=1); the V, II and 12 state are again
indicated. At the back (Al2=10-3) the system only has a virgin state. Note that the position of the
virgin state is hardly affected by the affmity. In the Hoffmann [1979] model, by contrast, the X1 and
X2 population size in the virgin state decreases if the affinity increases (not shown).

We conclude from Fig. 3 that for immune states to exist the affinity must be sufficiently large.
Clones with a low affinity interaction (e.g. 10-3), can never switch to an immune state, whatever
their respective population densities. Thus although we omitted an affinity threshold from our model,
i.e. a minimum affinity below which idiotypic interaction is impossible, the model nevertheless
generates one. This emergent threshold is caused by the double saturation terms (i.e. by buffering): if
F=0 (Fig. la) the 0-isoclines run straight into infinity and hence always intersect. Dynamically, i.e.
by numerical integration, these systems (F=0) however never reach such high immune states.

Any specific 2-D network corresponds to a slice through the cube of Fig. 3. We concluded above
that, depending on this affinity, the model yields different results: 1) if affinity is low (Al2 0.006)
the 2-D system only has a virgin state (i.e. it cannot switch), and 2) if affinity is sufficiently high
(Al2>0.006) the system has virgin and immune states (i.e. it might be capable of switching). For
low affinities, results are again qualitatively different. For instance, for Al2=0.01, the system has
one virgin and one immune state.

Antigen. First consider the interaction of one clone (X1) with its virus (Vr1). This is the no
network situation: all A-matrix elements equal zero. The 0-isoclines of this (1-D) system are shown
in Fig. 4a. The Vr1'=0 isocline is straight: the virus decreases whenever "its" lymphocyte clone
exceeds a size of about 105 cells. The X1'.0 isocline is more complex: at low Vr1 densities X1
remains in its virgin state (S/D). Higher Vr1 densities induce X1 proliferation: the 0-isocline bends
to the right. At high X1 densities, however, proliferation requires higher Vr1 densities (due to
buffering): the 0-isocline bends upwards. Every virus infection (trajectory) should start at the virgin
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state of X1: we start at X1=100 and Vr1=10. The virus expands to about 106 infected cells (Fig. 4),
and meanwhile induces X1 proliferation. As a result of this immune reaction, the virus regresses (i.e.

dips to about 0.01 infected cells). Thus X1 is no longer stimulated and declines: as a consequence the
virus regrows. After a number of oscillations the system settles in a stable equilibrium with about
103 infected cells (Vr1) and 105 immune cells (X1). We call this "virus dormancy": the virus remains
present at a (harmless) low density, kept under control by a stimulated (enlarged) clone. This is a
simple form of immunity: reintroduction of the same virus never leads to virus expansion because the
system quickly returns to the dormancy equilibrium with hardly any clone proliferation. Note that
many biotic viruses remain present in a similar dormant state [Bellanti, 1985]. We conclude that
virus dormancy can account for the "memory" phenomenon. Such an immune state does not require
either long-lived memory cells or idiotypic interactions.

VR1
VIT,=0

100.0

106 g

1o3

1.0

108 1 0

X1 .0 150.0 200.0
Days

Figure 4. The interaction with X1 and Vr1 without any network interaction. Fig. 4a shows the
X1'=0 and the Vr1'=0 isocline (the X j'>0 region is again shaded). The trajectory depicts the immune
response following the introduction of Vr 1=10 in the virgin state of X1 ( X 1=100); the latter is
marked by the circle. The response is highly oscillatory and settles in the stable intersect between the
two isoclines. Fig. 4b is the time plot of the same reaction.

X1

VR1

50.0 100.0

Note however that at various stages of the immune response the virus density was less than one
infected cell. Although in a stochastic model this might correspond to a low but finite probability,
we prefer to eliminate such (improbable) circumstances. Virus densities of less than one cell are
therefore set to zero: this is virus elimination. If we do this in Fig. 4, the virus is rejected in the first
cycle and the clone returns to its virgin state due to a lack of immune stimulation. Thus dormancy,
and hence immunity, is lost.

Switching. We next study this virus in a 2-D network, e.g. that of Fig. 2 (Al2=1). Following
the immune reaction to Vr1 this 2-D system switches from virgin to immune (i.e. to II, Fig. 5a).
This is a "correct" switch: X1 attains an immune state following an X1 primary response to Vr1; X2
becomes suppressed. Experimental data also describe stable state switches that are based on differences

in population sizes [Bernabe et al., 1981]. Fig. 5b shows the time plot of this reaction: during the
normal immune response the responding idiotype stimulates the production of the anti-idiotype. This
is also described experimentally [Cosenza, 1976; Cerny, 1982; Miller and Fernandez, 1986]. Around
day 25, the virus is rejected and X1 remains immune. Reintroduction of the same virus immediately
leads to virus regression. Introduction of Vr2 in the V state would of course lead to the 12 state: the
system is symmetric. Introduction of Vr2 in the I state, i.e. after Vr1 rejection, leads to infinite
growth of Vr2 in the absence of X2 proliferation. X2 really is suppressed.
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100.0
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.1 100.0 1o5 108
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X1

X2
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Figure 5. The interactions between X , X2 and Vr 1, i.e. a 2-D network with antigen. We again
depict the 2-D state space of Fig. 2a (Al2=1), but we additionally project the immune reponses to Vr1
in the figure (the fat line). This settles in the immunity equilibrium. The immune response is also
shown in a time plot (5b).

This type of switching behavior only occurs if Al2 (analysed dynamically by introducing
viruses for a variety of different affinity values). Thus if affinities are distributed uniformly between
one and zero, we expect 98% of all 2-D systems to switch to immunity after a primary immune
response.

Static analysis. We analyse the X1, X2, Vr1 system statically in Fig. 6. At the back (Vr1=1)
Fig. 2a (Al2=1), and at the bottom (X2=0.1) Fig. 4a can be recognised. In the cube, the Vr11=0
isocline is straight: it depends on X1 only. The X21=0 isocline is independent of Vr1, i.e. it remains
identical to that in Fig. 2. The upper part of the X1 isocline is also independent of Vr1; the lower
part, by contrast, bends to higher X1 values at high Vr1 values. X1 can thus be further stimulated by
Vr1. At the upper part of the isocline X1 is suppressed: an increase of Vr1 cannot influence the
position of the X1 steady state. By contrast in the immune state (II). XI is enlarged and it is still
capable of further expansion. Infinite Vr1 values allow for infinite X1 populations. An X1
population in the 12 state however remains constant whatever the Vr1 density. Moreover the X1
population in the 12 state is too small to cause Vr1 regression: it is situated left of the Vr11=0
isocline. We conclude that X1 is "immune" in the II state and "suppressed" in the 12 state.

From the results presented hitherto we conclude that in 98% of all the cases (if affinity is
distributed uniformly) a 2-D network accounts for immunity/memory due to a "correct state switch"
following a primary response. Moreover, the switching behavior of this model is robust; even
simpler models (i.e. those based on eq. 2 for F=0 and/or M=1) perform the same switches (albeit for a
somewhat smaller range of affinity values). The present results are thus not the mere consequence of
the choice of the form of the saturation function.

Suppression. Data like that in Fig. 5b, i.e. oscillations in the network response to Vr1, is
usually interpreted in the form of idiotypic suppression [Cosenza, 1976; Bona, 1982]. It indeed seems
as if the enlargement of the anti-idiotypic clone (X2) is responsible for the decline of the idiotypic
(X1) population. In the model however this is not the case: X1 declines because the virus regresses,
X2 declines because X1 declines. Experimentally, it was also shown that the decline of the
responding idiotype (X1) is not caused by the anti-idiotypc produced during the response [Moller and
Fernandez, 1986]. In the model an anti-idiotypic clone (here X2) can never suppress the idiotypic
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clone (X1) that responds to antigen because X2 is necessarily smaller than X1. X1 is always ahead

because it responds first (to antigen). Thus it is never the anti-idiotype that (down)regulates the

proliferation of the idiotypic clone (X1) but it is the proliferating idiotype that suppresses its
anti-idiotypic "suppressors". Proliferating clones "free" themselves of idiotypic interactions.

Figure 6. A static representation of the interaction between X X2 and Vr 1. The X j'=0, X2'=0 and

Vr 1=0 isoclines in a X 1, X2, Vrj state space. The X1=0 isocline plane is shaded. The Vr 1=0

isocline is straight and situated at about X1=105 ; the X2'=0 isocline is identical to that of Fig. 2

(Al2=1). The proliferation region of X1 expands if Vrj increases.

Conversely, suppression (proliferation regulation) does arise in these models if the system is
(experimentally) manipulated by the introduction of anti-idiotype (X2) prior to the introduction of the

antigen (Vr1). Such a procedure gives the anti-idiotype an advantage over the idiotype, and the system

moves toward the 12 state (in which X1 is suppressed). In the absence of such experimental
manipulations, i.e. in normal networks, this cannot happen.

Suppression, i.e. down regulation of the proliferating idiotype, is also absent from the models

based on simpler interaction functions (i.e. F=0 and/or M=1). The absence of proliferation regulation

is therefore a robust property of symmetric networks. Moreover, without experimental manipulation,

the suppressed state of the (symmetric) Hoffmann models is also "unattainable". Furthermore,
asymmetric versions of our model can (sometimes) account for suppression (i.e. if A21 » Al2). We

conclude that symmetric networks fail to account for the control of proliferation (i.e. for suppression).

This is a counterintuitive result because 1) the model incorporates strong negative (suppressive)
interactions (C»B), and 2) suppression is most intense at high population densities (i.e. after

proliferation).
Escape from suppression. In order to test whether the absence of suppression hinges upon our

"proliferation before suppression" assumption, we define an "escape from suppression" model Herne,

19741 According to this model idiotypic interactions are basically suppressive; antigen perturbs this

suppressed state, thus allowing the clone to proliferate. This means that we have to replace eq. 2. In

eq. 2', anti-idiotype (aIdi) no longer induces proliferation (i.e. aIdi is absent from the proliferation

term); anti-idiotypic suppression, by contrast, has remained identical. Antigen induces proliferation
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(as it does in eq. 2), and, additionally, reduces the rate of anti-idiotypic suppression (if Vri Kc):

BoXioVriM CoXio aIdiM
G(Xi, Vri, aIdi)

KBM +(FoXi)M + VriM KcM +(FoXi)M + VriM + aIdiM
(2')

In the "virgin" state (X1100) idiotypic interactions have to be suppressive; we therefore set Kc=100
in eq. 2'. Virus elimination (eq. 4) is however kept identical between the two models (i.e. for internal
equivalence reasons [Irvine & Savageau, 1985]; Kc in eq. 4 is kept at 106). All other parameters can
remain the same. Note that in this escape from suppression model Kc « KB; we thus first have

suppression and then proliferation.

X2
8

10
A

105

100.0

100.0 105 108
1

Figure 7. An "escape from suppression" model. The X1'=0 andX2'=O isoclines are displayed in the

X 1, X2 state space for the affinity Al2=1 (Fig. 7a), and (Fig. 7b) as a function of affinity. Stable
equilibria are encircled; the X j'>0 region is shaded. The system has one or two virgin states but no

immune states.

The X1-X2 state space of this model (for Al2=1) has three equilibria (Fig. 7a); two of them (V1 &
V2) are stable. Both correspond to some sort of virgin state, i.e. they are reached in the absence of
antigen. Which of the two is reached depends on the respective influx parameters (Si). We thus have

to consider two different initial states for the introduction of antigen. For a wide range of affinity
values (Fig. 7b) the system either has one virgin state, with hardly any idiotypic interactions, or the

two virgin states described above. Immune states (situated at elevated population sizes) are absent.
Introduction of a virus (here Vr1) in the two virgin states indeed leads to escape from suppression

(Fig. 8). If Vr1 is introduced in the V1 state (Fig. 8a), X1 starts to proliferate when the virus is

sufficiently large, i.e. after about ten days. This increase of the idiotype further suppresses the
anti-idiotype (X2 further decreases). Thus, again, the proliferating idiotype suppresses its

anti-idiotypic suppressors and "escapes" from further regulation. Following virus rejection the system
returns to the V1 state. We conclude that both immunity and proliferation regulation are absent from
this system. Similar behavior is obtained when Vr1 is introduced in the V2 state (Fig. 8b). Because

the idiotype starts at a smaller population level the immune reaction is somewhat (but minimally)
delayed. Following idiotypic (X1) proliferation the anti-idiotype again becomes (futher)suppressed.
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Thus again proliferation regulation by the anti-idiotype is impossible. Following virus rejection the
system does however switch from V2 to VI; this gives the idiotype a small advantage (compare Fig.
8a with 8b).

1o5

1o3

A

VR1

105

0

X1

10.0 10.0

X2

.0 25.0 50.0 75.0 100.0
Days
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X2
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Figure 8. Immune responses in the escape of suppression model. In each of the two virgin states
(Fig. 8a: V ; 8b: V2) Vrj is introduced in a dose of 10 infected cells. In both cases the anti-idiotypic
clone (X2) becomes further suppressed. The system always returns to V1.

This switch from V2 to V1 is a form of immunological memory. However, it is rather peculiar
because 1) it only develops erratically, i.e. if SI< S2, and 2) if X1 is called immune in the V1 state,
X2 should be called immune in the (virgin!) V2 state. Hence, immunity occurs in escape from
suppression models, but only erratically and/or in the absence of the corresponding antigen.
Moreover, note that this escape from suppression network fails to account for the production of
anti-idiotypes during an immune response [Cosenza, 1976; Cerny, 1982; Miller and Fernandez,
1986]. During the immune reaction the idiotype escapes but the anti-idiotype becomes further
suppressed. The anti-idiotype is thus eliminated and the system no longer behaves as a network.

We conclude that in a symmetric system, escape from suppression has two meanings: 1)
stimulation by antigen cancels the suppressive anti-idiotypic interaction, and 2) the anti-idiotypic
clones are suppressed to a level near elimination. Secondly, we conclude that our "proliferation before
suppression" model behaves in a superior way, and, most importantly, that the absence of suppression
in such a model does not hinge upon the order of proliferation and suppression.

3-D system. We therefore proceed with the analysis of our original (Eq. 1-4, KB<KC) model.
Expanding that 2-D model into three dimensions is technically easy. The analysis of a 3-D model is
however much more complex because we now have to consider a number of affinity parameters, each
of which is expected to vary widely. Consider the conventional scheme of the immune networks (i.e.
X1 sees antigen, X2 sees X1, X3 sees X2, and so on). Thus in our symmetric A-matrix:
Al2=A21>0 and A23=A32>0, and all other A elements equal zero. Qualitatively we thus have to
consider two affinity parameters. Additionally however, a 3-D network allows two qualitatively
different antigens: 1) Vr1 an antigen seen by a clone with one connection to the network, and 2) Vr2
an antigen seen by X2 with two connections (i.e. to X1 and X3). (Vr3 is qualitatively identical to

Vr1: the system is symmetric in X2).
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We have analysed this 3-D system by the introduction of these two antigens for all different
combinations of the two affinity parameters (Al2 and A23). We thus attained nine qualitatively
different stable states. In the absence of antigen the systems always remains in the 3-D virgin state.
Antigenic stimulation yields 2-D immune states (as described above) if one of the affinities is
sufficienity low. The weakly connected clone remains virgin, the other two switch to immune or
suppressed. If both affinities arc sufficiently high, the system switches to states where either two
clones are immune and one is suppressed, or to states where two clones are suppressed by one
immune clone.

Most of these switches correspond to "correct" immunity phenomena. In fact, depending on the
circumstances, the additional idiotypic interaction in the 3-D system can both facilitate or inhibit the
correct switching behavior. Inhibition is more common however. If X1 is stimulated by antigen, and
the interaction between X2 and X3 is much stronger than that between X1 and X2, the correct
switching behavior is disrupted; X1 then generally returns to virgin. Proliferation regulation does not
occur in 3-D systems: even clones with two idiotypic connections suppress both anti-idiotypic clones
before these can become suppressive. We conclude that the results obtained with the 2-D network can
largely be repeated with 3-D systems.

5-D network. The most straightforward extension of the above 3-D network is one in which X1
is seen by two clones of level 2, which each in turn are seen by one clone of level 3. Thus X1 is
doubly connected (as X2 was) to 2-D systems identical to those analysed above. The affinity matrix
now has 4 symmetric connections, i.e. 8 non-zero elements. We distribute these values uniformly
between one and zero (by a pseudo random number generator). We want to find out whether an
idiotypic interaction between X1 and X2 (which accounts for correct switching in 98% of the cases),
can be disturbed by the 3 additional idiotypic interactions of a 5-D network. We have tested 40 such
systems. Because all randomly drawn Al2 values exceeded 0.01, we expect all 40 networks to switch
to an II state after the introduction of Vr1. Such a switch was indeed found for all 40 networks. The
immune states of X1 are somewhat lower because X1 can now be suppressed by two clones of level
2; X1 immunity is thus less vigorous (i.e. may lead to virus dormancy instead of virus rejection).

However if we connect this system randomly instead of according to the above scheme, results
become different. We assign to Al2 a random value between zero and one; additionally such values
are assigned to three other randomly chosen connections. We again analysed 40 networks; again a
switch to immunity of X1 was expected for each of them. However we find only 32 such switches:
in 8 cases (20%) X1 returns to its virgin state. Thus the general occurrence of correct switching
behaviour (i.e. immunity/memory) seems to require a specific structure of the network. It is not at all
clear whether biotic immune networks fulfill these conditions. Switching can for instance be
disturbed if X1 is only connected to X2, and if X2 is suppressed due to other network interactions.
Such "disturbance" already occurred in 3-D systems. We conclude that the expansion of the present
model to a random high-D network may reduce the model's capacity to switch, i.e. to generate
immunity. We are currently working on this question.

5. Discussion

Thresholds. The most important decision that has to be made during the development of an idiotypic
network model is how to distribute the positive and negative interactions (i.e. Jerne's [1974] third
dualism). In asymmetric models the (asymmetric) affinity matrix may define non-overlapping sets of
positive and negative interactions (i.e. it defines a different distribution of affinities on each side of the
diagonal). Thus each individual idiotypic anti-idiotypic interaction has either a positive or negative
sign. Farmer et al. 119861 represent paratopes and idiotypes by bit-patterns which yields such an
asymmetric affinity matrix. The Richter 119781, the Hoffmann models [1979, 1982], and the present
model instead define a switch in sign depending on the size of the anti-idiotypic clone.
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Jerne's [1974] "escape from suppression" idea was followed by Richter [1978]; his suppression
threshold is lower than the proliferation threshold (his B>D). In the Richter "virgin state" however,
network interactions are absent, i.e. the population densities are far below the suppression threshold
[Hiernaux, 1977]. In the Hoffmann models [1979, 1982] the virgin state is maintained by
suppression; the suppression terms switch off at high population densities (even in the "suppressed
state"). Thus, the Hoffmann models are "escape from suppression" systems.

In this paper we chose the opposite (our KB<KC), i.e. idiotypic interactions are absent in the
virgin state and only large clones evoke suppression. We think this makes most sense if the
stimulation and suppression processes are considered at the level of individual cells. Stimulation, and
hence proliferation, of a cell requires crosslinking of its receptors by anti-idiotypic antibody. An
increase in anti-idiotypic antibody is thus expected to increase proliferation. Suppression can occur by
various mechanisms: 1) the crosslinking process may become less efficient if anti-idiotypic antibody
concentrations become too high [Goldstein, 1988], 2) massive release of antibodies by idiotypic
plasma cells will neutralise anti-idiotypic antibodies by complex formation, and 3) coating of cells
with anti-idiotypic antibodies may initiate the complement cascade, and lead to cell lysis [Eichmann,
1974; Hoffmann, 1979]. All these mechanism probably require higher antibody concentrations than
does the initial crosslinking process that leads to proliferation.

Parameter constraints. We choose the proliferation saturation constant (KB) larger (10x) than the
virgin population size in order to keep network interactions low in the virgin state. The choice of
M=2, i.e. an S-shaped dose response curve, also facilitates the preservation of the virgin state: if M=1
the 2-D virgin state only exists if Al2 50.88. Thus in a model with linear (M=1) saturation function
the switching range is somewhat smaller (0.04 5Al2 50.88). Because the virus grows relatively fast
(R=0.5), the immune reaction has to be quite vigorous (i.e. to bring about much proliferation). This
facilitates the establishment of network interactions because clones easily grow above the threshold
required for inducing the proliferation of an anti-idiotypic clone (KB). In addition, virus rejection is
more severe following a vigorous immune reaction; this prevents dormancy development [De Boer and
Hogeweg, 1986]. High lymphocyte turnover rates (D) increase the instability (i.e. the oscillations)
and lead to increased virus dormancy development. The abundant switching behavior of this model
occurs however for various parameter settings (not shown).

Immunological memory. The fact that an immune network can account for immunological
memory does not mean that the memory phenomena displayed by biotic immune systems are indeed
generated by network state switches. The existence of long-lived memory cells [Jerne, 1984; Levy
and Couthino, 1987] provides a very simple alternative explanation. An alternative memory cell that
would account for immunity is a cell which by proliferation and differentiation becomes insensitive to
network suppression [Cooper et al., 1984]. Thus by adding this assumption, one can account for
memory in an "escape from suppression" model. Immunity generated by memory cells is not stable;
although these cells are long-lived, they decline slowly. The main difference between network
immunity and the two forms of memory cell immunity is that the former is (actively) maintained by
proliferation whereas the latter corresponds to a resting state. Thus experimental data describing the
existence of small, resting, long-lived cells [Jerne, 1984; Levy and Couthino, 19871 support the
memory cell alternative. Moreover the dynamics of (long-lived) memory cells can account for self
non-self discrimination [De Boer and Hogeweg, 1987a, 1987b]. Nevertheless, immunity generated by
state switching remains an intriguing possibility; the present results prove that if proliferation
precedes suppression it is a feasible possibility.

Suppression. The fact that our symmetric model fails to account for the suppression of
proliferating clones violates the most important role of the immune networks. If anti-idiotypic
interactions were indeed able to control excessive immune responses this would be very important
(e.g. in self non-self discrimination). In our model however this is impossible. Note that
suppression can be generated by "experimental" manipulation, e.g. by the introduction of large
anti-idiotypic clones, but never evolves during a "physiological" immune reaction. Experimental data
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that thus demonstrate the existence of suppression therefore provide no evidence for a role for
suppression in the regulation of immune reactions. We think that suppression will be absent from
most, if not all, symmetric networks because a proliferating clone is always ahead and hence should
always be able to suppress its anti-idiotypic suppressors long before these can become suppressive.
Our present parameter setting, i.e. proliferation before suppression (KB<KC) and dominant
suppression (C»B), should facilitate the suppression of large proliferating clones because the
suppression interaction is most intense in this region. Moreover, if we make our model asymmetric
(by defining an asymmetric affinity matrix) suppression sometimes occurs. We thus conclude that
symmetric network theory seriously violates the role of anti-idiotypic suppression in the control of
(excessive) proliferation. In our extensions of the Hoffmann models we reach the same conclusion
because proliferating clones moving in the direction of the immune state (thus suppressing the
anti-idiotypic partners) never end up in the suppressed state. The absence of suppression inour model
suggests that the model can be further simplified by the removal of the negative interactions (C>B).
Indeed, an alternative model would be one in which suppression only reduces stimulation. This can
easily be incorporated by setting C=B: such a (2-D) model generates a very similar results [De Boer
and Hogeweg, 1989c1

Network dimensions. The results obtained with our 2-D network also occurred in our 3-D
networks and in 5-D networks of a specific structure. Randomly connected 5-D networks however
showed different results. This suggests that the present (low-D) results may depend strictly on the
form and dimension of the network. Recent work [De Boer and Hogeweg, 1989c] confirms this: the
low-D results described here can hardly be repeated in high-D networks.

The Hoffmann models [1975, 1979, 1980, 19821 assume that the 107-D immune network
comprises separate pairs of interacting clones (plus minus clones). Wikler et al. [1979] showed that
antibodies of the third level (Ab3) are idiotypically related to the Abl level; Ab4 in turn is related to
Ab2. These data suggest that the network is "flat" instead of "open-ended". Similarly, Jerne [1984]
concludes that "one characteristic of the idiotypic network is the occurrence of pairs of antibodies, of
preferred partners". If these interpretations are correct, the idiotypic network is a (1-D) stack of
independent (2-D) systems. We think that such a flat system should not be called a network (at least
all comparisons with e.g. neural networks break down). In addition, as Jerne [1984] also argues, it
implies that anti-idiotypic interactions have to be totally different from immune reactions to
non-network antigens (epitopes) because the latter involve several hundreds, instead of one, antibody
molecules. Moreover, idiotypes can have as many as 40 antigenic determinants (idiotopes) [Novotny
et al., 1987], and, secondly, anti-idiotypic clones obtained from immature immune systems do show a
high connectance to other clones [Holmberg et al., 1984, 1986; Vakil and Kearny, 19861.

If the idiotypic network would indeed be nothing more than a collection of independent pair-wise
complementary interactions, the conclusions of the present paper should be valid for the complete
107-D immune network. However, we recently [De Boer and Hogeweg, 1989c1 found that if the
high-D idiotypic network is open-ended, i.e. is not organised in such monogamous pair-wise
interactions, the system behavior becomes non-sensical because of extensive percolation of idiotypic
signals. Therefore, it is an interesting question to analyse which cellular interactions in large
(possibly randomly connected) idiotypic networks might cause the functional reduction to the
pair-wise idiotypic interactions described above.

We thank Miss S.M. Mc Nab for linguistic advice.
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We first analyse a simple symmetric model of the idiotypic network. In the model idiotypic
interactions regulate B cell proliferation. Three non-idiotypic processes are incorporated: 1)
influx of newborn cells, 2) turnover of cells, and 3) antigen. Antigen also regulates
proliferation.

A model of 2 B cell populations has 3 stable equilibria: one virgin state and two
immune states. Following stimulation with antigen this network switches from virgin to
immune. The 2-D system thus remembers antigens, i.e. accounts for immunity. By contrast,
if an idiotypic clone proliferates (in response to antigen), its anti-idiotypic partner is unable
to control this. Symmetric idiotypic networks thus fail to account for proliferation
regulation.

In high-D networks we run into two problems. Firstly, if the network accounts for
memory, idiotypic activation always propagates very deeply into the network. This is very
unrealistic, but is an implication of the "realistic" assumption that it should be easier to
activate all cells of a small virgin clone than to maintain the activation of all cells of a large
(immune) clone. Secondly, graph theory teaches us that if the (random) network connectance
exceeds a threshold level of one interaction per clone, most clones are interconnected. We
show that this theory is also applicable to immune networks based on complementary
matching idiotypes. The combination of the first "percolation" result with the
"interconnectance" result means that the first stimulation of the network with antigen should
eventually affect most of the clones. We think this is unreasonable.

Another threshold property of the network connectivity is the existence of a virgin state.
A gradual increase in network connectance eliminates the virgin state and thus causes an
abrupt change in network behaviour. In contrast to weakly connected systems, highly
connected networks display autonomous activity and are unresponsive to external antigens.
Similar differences between neonatal and adult networks have been described by
experimentalists.

The robustness of these results is tested with a network in which idiotypic inactivation
of a clone occurs more generally than activation. Such "Iong-range inhibition" is known to
promote pattern formation. However, in our model it fails to reduce the percolation, and
additionally, generates semi-chaotic behaviour. In our network, the inhibition of a clone that
is inhibiting can alter this clone into a clone that is activating. Hence "Iong-range
inhibition" implies "long-range activation", and idiotypic activation fails to remain localised.

We next complicate this model by incorporating antibody production. Although this
"antibody" model statically accounts for the same set of equilibrium points, it dynamically
fails to account for state switching (i.e. memory). The switching behaviour is disturbed by
the autonomous slow decay of the (long-lived) antibodies. After antigenic triggering the
system now performs complex cyclic behaviour. Finally, it is suggested that (idiotypic)
formation of antibody complexes can play only a secondary role in the network.
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In conclusion, our results cast doubt on the functional role of a profound idiotypic
network. The network fails to account for proliferation regulation, and if it accounts for
memory phenomena, it "explodes" upon the first encounter with antigen due to extensive
percolation.

1. Introduction

Previously we [De Boer, 1988; De Boer and Hogeweg, 1989b] analysed a simple, symmetric, model
of the idiotypic immune network. This analysis demonstrated that suppressive (i.e. negative)
interactions could not play a role in such networks. This suggested that the model could be further
simplified by omitting negative interactions and that this would not alter the results. Having verified
this hypothesis, we here proceed with the analysis of our symmetric model by investigating networks
consisting of many, instead of a few [De Boer and Hogeweg, 1989b], different clones of lymphocytes.

We view idiotypic network theory [Jerne, 1974] as a straightforward extension of the normal
scheme of immune systems. Immune systems consist of an extremely large (> 107) number of
different lymphocyte clones. The lymphocytes of each clone all share an identical (unique) antigen
receptor. The generation of the variable regions of these receptors involves random processes such as
somatic recombination and mutation [Early et al., 1980; Berek et a/., 1985]. The primary repertoire of
antigen receptors can therefore be visualised as a large (possibly) random array of receptor molecules.
Antigens, i.e. external structures, match complementary receptor molecules. Because of the
overwhelming diversity of receptors, each (possibly random) antigen is expected to match at least one
of the (107) receptor molecules. The clones that recognise (i.e. match to) the antigen proliferate and
develop effector functions. Idiotypic network theory [Jerne, 1974] states that if the random repertoire
of receptors can recognise any random antigen, receptors should also be able to recognise other
receptors. The structure (i.e. antigen) presented by a receptor is called the "idiotype" [Jerne, 1974]; the
interaction between receptors is referred to as an "idiotypic" interaction. Via idiotypic interactions
clones should thus be able to interact in a stimulatory and/or inhibitory manner. The collection of
idiotypic interactions defines a profound idiotypic network of a complexity comparable to that of the
neural network [Jerne, 1974; Hoffmann, 1986].

Neural networks, for which the Hopfield networks are the general paradigm system, arc capable of
complex computational processes (such as learning and memory) [Hopfield and Tank, 1986]. Neural
networks have these properties if connection strengths evolve following certain "learning rules", such
as the one proposed by Hebb [1949]. Interestingly, idiotypic connections might evolve in a similar
way in immune networks if idiotypic interactions become more specific by affinity maturation
[Weisbuch, 1989]. Moreover, the "artificial" symmetry assumption of neural networks [Hopfield and
Tank, 1986] is very natural in idiotypic networks [Hoffmann, 1979, 1980; De Boer and Hogeweg,
1989b]. Thus, via its network properties, the immune system might perform very complex tasks.
Additionally, because lymphocytes are reproducing entities that use random mutation (but not
crossing over) as a "genetic operator", immune systems also bear resemblance to classifier systems
[Holland, 1986; Farmer et al., 1986]. Classifier systems are very powerful learning systems.

Whether or not immune systems function (i.e. compute [Segel and Perelson, 1988]) by such
cognitive [Varela et al., 1988] network properties however remains an open question. In the first
place, we think that even if it were to be demonstrated that idiotypic network models have learning or
cognitive properties this does not necessarily prove that specific immunological phenomena (e.g.
immunity) are indeed due to "cognition". Even if immune systems are cognitive, this might still not
mean that they are able to solve the problem of, for instance, antigen specific immunity. Several
authors have argued that idiotypic interactions cannot play a functional role [Cohn, 1986; Langman
and Cohn, 1986]. Furthermore, we have shown [De Boer and Hogeweg, 1986, 1987a, 1987b; De
Bner, 1989] that immune systems perform complex tasks by means of basic interactions at the level
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of clonal selection, i.e. by non-idiotypic interactions. However, because idiotypic interactions seem
to be inevitable (because of the extensive repertoire of receptors), we here investigate the behaviour
that can be generated by networks of such basic idiotypic interactions. Immunity and/or cognition is
therefore a possible outcome of our analysis.

In order to avoid incorporating ambiguous assumptions, we here investigate a very simple model
of the idiotypic network. Its simplicity enables us to analyse an idiotypic network theory that is based
on only the most fundamental immunological assumptions. We thus investigate whether
"fundamental" idiotypic interactions can indeed account for the variety of immunological phenomena
for which networks are claimed to be responsible; see for instance [Jerne, 1974; Bona & Pernis,
1984]. We here concentrate on two such phenomena: 1) immunological memory (immunity), and 2)
the control of (excessive) proliferation. Intuitively, the idiotypic control of proliferation is visualised
as an inhibitory interaction between the proliferating clone and its anti-idiotypic partner(s). The
existence of multiple stable equilibria in a network system seems to provide an (intuitive) explanation
for memory phenomena: in response to different antigens networks switch to different equilibria.

2. The assumptions

Symmetric network theory has demonstrated [Hoffmann, 1979, 1980; De Boer, 1988; De Boer and
Hogeweg, 198%] that lymphocyte populations exert "helper" or "suppressor" functions depending on
the idiotypic circumstances. As a consequence, it seems sufficient to consider only one class of cells,
here clones of B-lymphocytes. Moreover, interactions are symmetric and are therefore not exclusively
stimulatory or inhibitory. Hence, the two parameters that determine the magnitude (and possibly the
sign) of idiotypic interactions are 1) the affinity, and 2) the respective population densities [De Boer,
1988].

We assume that all B-lymphocyte populations are regulated by three processes: 1) influx of
newborn cells from the bone marrow, 2) normal turnover (decay) of cells, and 3) proliferation. It is
further assumed that idiotypic interactions influence the rate of cell proliferation. We consider only B
cells in this paper, i.e. we implicitly assume that these idiotypic B cell interactions are T cell
independent or that T cell help is always sufficient. Additionally, we lump the clones of B cells and
the antibody molecules that they produce into one population. Because the lifespan of B cells and
antibodies is different we relax this simplifying assumption in the last section. Elsewhere [De Boer
and Hogeweg, submitted] we investigate the effects of T cells.

The network consists of N clones, each of which is only identified by a unique random receptor.
A clone (Xi) recognises another clone (Xj) if (part of) their respective receptors can be matched
complementarily (Fig. 1). The accuracy of this match specifies the affinity (Aii) of the idiotypic
interaction between Xi and X .5_1). Each clone can also be stimulated by antigen (Agi).j u
Antigen cannot grow and is either removed by the clones or by us.

Influx/efflux. In the absence of idiotypic interactions the clone size is determined solely by the
balance between the source (Si) of cells from bone marrow and the death (D) of cells in the periphery.
This suffices for a stable virgin state at a clone size of S/D. Because the influx of cells per clone is
small, and the rate of cell turnover is high, virgin populations are typically small. In the virgin state
idiotypic interactions are therefore low or absent. This contrasts strongly with the assumptions of
previous verbal [Jerne, 1974] and mathematical [Hoffmann, 1979; Gunther & Hoffmann, 1982]
models; in these models it is assumed that idiotypic interactions are suppressive in the virgin state.
We demonstrated previously however that our models are more powerful [De Boer, 1988; De Boer and
Hogeweg, 19890. Moreover simple influx and decay processes play a pivotal role in "clonal
selection" models of proliferative immune reactions [De Boer & Hogeweg, 1986; 1987a,b].

Symmetry. If idiotypic recognition is based on complementary matching and receptor
crosslinking, idiotypic interactions are necessarily symmetric. If idiotype "i" matches "j", "j" should
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also match "i"; if "i" antibodies crosslink "j" receptors, "j" antibodies can do the same. Hoffmann
[1979, 1980] first proposed this simple and attractive symmetry theory; he [1980] and Jerne [1984]
review empirical data that support symmetry theory (Jerne's "preferred partners"). Note that, because
recognising and being recognised are assumed to be identical, symmetry disposes of the distinction
between "paratope" and "idiotype" [Hoffmann, 1980]. Note also that complementary matching of parts
of the idiotype implies that idiotypes can be matched onto themselves. We omit such interactions
(i.e. we set all Aii to zero). In section 4.3 we will assume that inhibitory interactions occur more
generally, i.e. require a lower affinity, than stimulatory interactions. The additional inhibition matrix
(B) is also symmetric.

Dose response relation. Idiotypic interactions can be stimulatory [Eichmann and Rajewsky, 1975;
Vakil and Kearny, 1986; Bernabe a al., 1981] and inhibitory [Hardt a al., 1972; Eichmann, 1974;
Vakil and Kearny, 1986]. Because B cells are most probably activated by the crosslinking of the
antigen receptors (surface Ig) [Abbas, 1988], it is to be expected that the rate of cell activation
increases if the concentration of the crosslinking agent (here antigen or anti-idiotypic antibody)
increases. However, when these concentrations become too high the efficacy of cell activation by
receptor crosslinking decreases [Perelson, 1984]. Thus, the present model is based on the efficacy of
cell activation and proliferation induction (by receptor crosslinking); inhibitory interactions are
incorporated as the reduction of the proliferation rate. This argument corresponds to a (log) bell-shaped
proliferation dose response curve (see e.g. Fig. 2d), i.e. to the kind that can be found in any
immunology textbook. Despite this simplicity, previous models incorporated a totally different
[Hoffmann, 1980] or even reverse dose response relation (i.e. "escape from suppression" [Jerne,
1974]).

3. The model

We consider N clones of B-lymphocytes (Xi) with an influx of Si cells per day from the bone marrow
and a rate D of cell turnover. Clones proliferate in response to antigen (Agi) and to the total of
anti-idiotypic clones (aIdi). The strength of the idiotypic interaction is determined by the affinity
matrix A. This matrix is symmetric (all AirAii); furthermore clones never recognise themselves (all
A11=0). The rate of cell proliferation is governed by a growth dose response function G(Xi, Agi, .xIdi),
which depends on i) the size of the clone (a buffering term), ii) the antigen, and iii) the total amount
of anti-idiotype (aIdi). The function G(Xi, Ag, aIdi) is maximally one; proliferation per cell then
proceeds at a rate P per day. The anti-idiotype dose response function (G) is a (log) bell-shaped curve
(Fig. 2d), i.e. anti-idiotypic antibody concentrations that are too large inhibit the crosslinking and
hence the rate of cell proliferation. Antigen can only increase (up to a certain maximum) the rate of
cell proliferation: the antigen dose response curve is a simple saturation function. (The results remain
similar if proliferation induced by antigen also follows this bell-shaped dose response curve .)

cacti = Aiyx;
J.I

Agi + aIdi P2
G(Xi, Agi, aIdi )

P1 + FoXi + Agi + aldi P2 + aIdi

dX1

= Si - D oXi + PoXio G(Xi, Agi, aldi)
dt
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Antigen cannot grow and is either removed by the clone that recognises it (Xi), or is incorporated as a
constant (K=0):

dAgi KoAgioXi
(4)

dt

Parameters. The parameter setting is: S cells d-1, D=1 d-1, P=1.5 d1, P1=103, P2=106, F=0.01,
K=1, K1=105. Buffering ensures that large Xi populations (FoXi P1) cannot be stimulated by small
antigen and/or anti-idiotype concentrations [De Boer & Hogeweg, 1989b] The virgin population
density equals S/D 10 cells. The influx is slightly different for each clone (to prevent settlement into
unstable equilibria): S has a mean of 10 cells per day with a 10% standard deviation. Virgin
populations are too small to evoke proliferation (S/D « P1): idiotypic interactions are negligible in
the virgin state. Maximum proliferation proceeds at a rate P-D=0.5 cells per cell per day (this
corresponds to a doubling time of about 16 hours).

Previous models. The parameters of the present model are slightly different from those used
before [De Boer, 1988; De Boer and Hogeweg, 1989b]. In the previous model antigen grows
exponentially; because we required that such an antigen could be rejected by the network we imposed
some restrictions on the parameter values. We now opt for somewhat simpler functions and
parameter values. We 1) omit negative (suppressive) interactions, 2) no longer use sigmoid dose
response curves, 3) reduce the life-time of cells to one day, and 4) reduce the influx of virgin cells
(2-fold). Negative interactions were omitted because in the previous model they failed to play a role.
The incorporation of sigmoid dose response curves generated a more pronounced difference between
proliferation and suppression and hence facilitated antigen rejection. Finally, the present model has a
lower virgin state; which is therefore more easily preserved [De Boer, 1988].

1 2 3 4 5 6 7 8

Figure I. Complementary matching. Two idiotypes, i.e. the white and the shaded pattern, are shifted
into each other until they collide (here at position I , 2 , 6, and 8). The remaining distance (i.e. the
black area) is a measure for the affinity. The patterns are shifted along each other (indicated by the
arrows) in order to find the place were the match is most perfect. The match is measured over a
distance of eight adjacent positions.

Methods. The affinity matrix is either based on a complementary matching algorithm, or is drawn
randomly from a uniform distribution between zero and one. The complementary matching algorithm
resembles that of Farmer et al. [1986] and Perelson [1988]. Ours matches patterns (landscapes)
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defined by an array of real numbers (that are uniformly distributed between zero and one), see Fig. 1.

We measure the total distance within each adjacent set of (here 8) numbers (i.e. the "mask", e.g. an
idiotope). Patterns are shifted along each other in order to find the best possible match. If this
minimum total distance is larger than one, the affinity between the twopatterns is zero. Otherwise it

is one minus this distance (i.e. 0A1i.1). This procedure generates an exponential distribution of
affinities (i.e. high affinity interactions are rare); this seems realistic. In order to vary the network

connectance, we vary the length of the pattern (i.e. the number of idiotopes per idiotype). Because we

only want to vary the distribution of connections, and not their magnitude, affinity matrices are
re-scaled afterwards. The maximum affinity is set to one, the rest is scaledproportionally.

Following the usual convention, we talk of antibodies in levels. The Ab1 level(X1) recognises

the antigen, Ab2 clones (X2) recognise (and are recognised by) Ab1 clones, and so on. The actual

level of a clone is determined by the lowest antibody level with which it interacts (whatever the
affinity); this argument represents the affinity matrix as a tree (i.e. omits cycles of interactions). The

low-D models have been analysed by GRIND [De Boer, 19831 which performs numerical 0-isocline
analysis, and numerical integration by means of ROW4A [Gottwald & Wanner, 19821. High-D
models are integrated by means of a variable step size Runge-Kutta-Merson integrator (DO2BBF)

implemented in NAG [1984].

log 1 0 pop
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Ag1 Ag2

11

1.0

.0

25.0 50.0 75.0 100.0 1 0 103 106 109

Time (days) Anti-idiotype

Figure 2. A 2-D network with maximum affinity (Al2=1). Fig. 2a: the X1=0 and X2'=0 isoclines

define 3 stable equilibria: a virgin state (V) and two immune states (11 and 12). The X j'>0 region is

shaded. Fig. 2b: the trajectory of a switch from the virgin state to an immune state (11) as it is evoked

by an antigen dose of Ag 1=104 cells. Fig. 2c: at day zero, in the virgin state, Agj is introduced in a

dose of 104 cells (see Fig. 2b); it is reintroduced in a dose of 106 cells at day 50; Ag2 is introduced in

such a dose at day 75. In the Ij state Xj is immune; X2 is suppressed. Fig. 2d: the (log) bell-shaped

dose response curve (G) as a function of the anti-idiotype. The circles indicate the location of the

immune and suppressed clone respectively.
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4. Results

4.1. Memory but no Suppression in 2-D networks

In Fig. 2 we analyse a 2-D network of two clones that see each other with maximum affinity
(Al2= 1). (Similar results were described before [De Boer, 1988] for a somewhat different model). The
qualitatively different regions of idiotype anti-idiotype state space are indicated by the X i'=0 and X2'=0
isoclines (Fig. 2a); the X1'>0 region (i.e. the X1 proliferation region) is shaded. This 2-D network
has three stable equilibria: one virgin state and two immune states. The system is thus able to
remember antigens by switching from the virgin state to one of the immune states. This is
demonstrated in Fig. 2b,c: clone X1 is stimulated by antigen (in a dose of 104 cells). X1
proliferation commences which activates the anti-idiotypic X2 (see also Fig. 2c, day 0-50). Both
clones proliferate and settle into the X1 immune state. In this equilibrium both clones are enlarged
(X1»X2). The large X1 population accounts for rapid antigen rejection, i.e. for immunity. The
same antigen (Ag1) is reintroduced (in a large dose of 106 cells) at day 50 (Fig. 2c): X1 further
proliferates which further suppresses X2. The fact that X2 really is suppressed is shown by the
introduction of the same dose of Ag2 (106 cells) at day 75. X2 is relatively small and fails to react
(fails to proliferate); antigen is removed very slowly.

The immune states in this model are maintained by reciprocal stimulation. Because small (virgin)
clones fail to induce proliferation of the anti-idiotype, both clones have to be enlarged (i.e. have to
proliferate) in the immune state. (This contrast strongly with immunity maintained by (long-lived)
memory cells, which is a resting state). The essential difference between the proliferating immune
clone and the proliferating suppressed clone is shown in Fig. 2d. The left circle corresponds to the
immune clone, the right circle to the suppressed one. Per cell both clones proliferate at an equal rate;
this is a necessity because in equilibrium proliferation should outweigh the rate of cell decay (which is
identical for all cells). The only difference in the proliferation of the immune and the suppressed clone
is therefore their location on the proliferation dose response curve. Further idiotypic stimulation of the
immune clone leads to further proliferation, whereas further idiotypic stimulation of the suppressed
clone can only decrease the rate of cell proliferation.

The present model has virgin and immune states (and is thus able to remember antigens) if
A 12>0.02. Therefore although we have omitted an affinity threshold, i.e. a minimum affinity, the
model incorporates one. This is due to the buffering parameter [De Boer & Hogeweg, 19890. If
0.02<Al2<0.08, the model has one immune state (for both clones) and one virgin state.

Absence of proliferation regulation. Suppression (i.e. the down regulation of a large proliferating
clone) is impossible in these symmetric models [De Boer, 1988]. In symmetric models (where there
are no "suppressor" clones) the clone stimulated by antigen always wins from the anti-idiotypic
clone(s) just because it will always be larger due to its initial proliferative advantage provided by
antigen. Thus proliferating clones suppress their anti-idiotypic "suppressors" long before these can
become suppressive. Similar results are obtained in high-D networks (not shown): the total of anti
idiotypic clones is usually smaller than the effect of the proliferating idiotypic clone. We think that
the absence of proliferation control seriously questions the general assumption that idiotypic
interactions play an important regulatory role. Note that in our models (see De Boer and Hogeweg
[1989]), idiotypic suppression easily occurs following "experimental manipulation", e.g. the
artificial introduction of a large anti idiotypic clone; this gives the anti-idiotype an advantage.

For these low-D networks, we conclude that idiotypic interactions 1) can easily account for
memory (immunity) phenomena by forcing switches from virgin to immune states, but 2) fail to
account for proliferation regulation (suppression). Memory generated by network switches is a
minimal explanation since it does not require specialized memory cells. However we think that such
memory cells provide an easy alternative explanation for immunity phenomena. Moreover, life-time
transitions between long-lived memory cells and short-lived effector cells play an important role in the

119



regulation of clonal immune reactions [De Boer & Hogeweg, 1987a,b]. Another minimal explanation
for immunological memory would be the persistence of antigen [Gray, 1988; De Boer and Hogeweg,
1989b]. Moreover, the fact that symmetric idiotypic interactions fail to account for suppression during
"non manipulated" immune reactions supports the idea that idiotypic interactions do not play a
functional role [Cohn, 1986].

4.2. Absence of Fading plus a Connectivity Threshold Generate Percolation

Absence of fading. The two clones in the previous section could only see one idiotypic partner (this
is compatible with Hoffmann's [1980] plus-minus and Jerne's [1984] preferred partner arguments). The
connectivity of idiotypic networks is probably much greater [Holmberg etal., 1984, 1986; Holmberg,
1987]. On the basis of accessibility computations of a 3-D structure analysis of immunoglobulin
molecules, Novotny et al. [1987] estimated that each molecule may be recognised by as many as 40
anti-immunoglobulin molecules. We therefore now go on to consider networks with a higher
connectivity.

n =100

A23
1.0

0.8 -

0.6

0.4-
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0.0 f ' I

0.0 0.2 0.4 0.6 0.8 1 0

Al2

Figure 3. Networks with two connections per clone. Fig. 3a: a 100-D cyclic network in which clone
one (X 1) is stimulated by antigen. The shaded clones generally switch to immune. Fig. 3b: the
minimum affinity (A23) between two independent 2-D networks required for idiotypic signal to
percolate. The curve is shown as function of the affinity (Al2) between the clone stimulated by
antigen and its partner; the other affinity (A34) equals one.

First consider a network in which each clone has exactly two idiotypic partners. This defines circular
networks, see Fig. 3a. In order to study the propagation of signals into the network, we analysed a
number of such (100-D) systems. The network is first allowed to equilibrate in a virgin state (i.e.
without antigen); we then introduce an antigen (Ag1 in a constant concentration of 104 cells) that is
recognised by only one of the clones (Xi). This antigen is removed after an (arbitrary) period of 25
days. In response to antigen X1proliferates, thereby activating X2 and Xn, which also start to
proliferate. Because this usually activates X3 and Xn_ , which in turn activates X4 and Xn_2, the
signal provided by the antigenic stimulation propagates deeply into the network. On average the
signal fades at level 10 (based on 10 networks each with two propagation branches). In our models, it
generally takes the signal about half a year to reach level 10. The final equilibrium state usually
corresponds to an alternating sequence of immune and suppressed clones (i.e. odd-numbered clones are
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immune (for N is even) and even-numbered clones suppressed). This is indicated in Fig. 3a by the
shading of the (generally) immune clones. If cycles are short, both branches of the signal meet
somewhere in the middle. This stops the propagation and results in similar equilibria. We conclude
that the signal penetrates very deeply into the network; because this takes a long time it seems rather
absurd. Moreover the intensity of the signal fails to reduce: clones keep on switching to the same type
of immune and suppressed states.

The absence of fading is further analysed in simple 4-D networks. In these networks X1 and X2,
X2 and X3, and X3 and X4 recognise each other, X1 is stimulated by antigen; and X3 and X4 see each
other with maximum affinity (A34=1). If A23 is sufficiently large, and X1 and X2 switch to
immune/suppressed, X2 might stimulate X3 (i.e. the anti-anti-idiotype) to switch to immune. This
would force X4 to switch to suppressed (because A34=1). We thus study the connectivity (i.e. A23)
between two networks (i.e. X1,2 and X3,4) which is required for the idiotypic signal to propagate (and
reach X4). Fig. 3b depicts the minimum A23 that is required for X4 to switch in response to the
antigenic stimulation of X1 (as a function of Al2). The Figure shows that the affinity (A23) that is
required for X4 to switch is much lower than the affinity (Al2) required for X2 to switch. Thus if an
antigen triggers the switching of anti-idiotypic clones, we also expect the next idiotypic level to
switch (and so on for the next levels).

The verbal explanation for this result is simple. If an anti-idiotypic clone (X2) is able to sustain
the proliferation (i.e. the immune state) of all cells of the previous, necessarily large, immune clone
(X1), it is also able to activate the (few) cells of the clones of the next level (X3) because these clones
are small (i.e. virgin). In the present model, the activation of all cells of a small (virgin) clone is
easier, i.e. requires a smaller clone and/or affinity, than the activation of all cells of a large (immune)
clone. This (realistic) assumption is thus responsible for the absence of fading.

This "absence of fading" argument no longer holds if the idiotypic network is not required to
account for memory phenomena. If idiotypic interactions are too weak to push clones stimulated by
antigen into an immune state, they may also be too weak to activate virgin third-level clones.
However, for functional networks of B cell interactions, we conclude that idiotypic signals are
expected to propagate extensively because signals fail to fade.

Connectivity thresholds. A randomly connected, symmetric, idiotypic network corresponds to a
(isotrophic) random undirected graph in which idiotypic connections form edges and clones correspond
to nodes. Connectivity properties of isotrophic random undirected graphs (in which E edges connect N
nodes equiprobably) were analysed by Erdos & Renyi [1959, 1960], in Kauffman [1986]. The
following findings for random infinite graphs (in Kauffman [1986]) are of interest for our (finite)
random idiotypic networks. If E«N only small isolated structures are found, in which any node is
connected to a few others. As the ratio of E/N exceeds 1/2, a threshold is reached and most nodes are
interconnected in one enormous structure. As E/N further increases, more isolated nodes are brought
into this very large connected structure. For finite graphs these thresholds soften to sigmoids. In our
idiotypic networks, an average of one edge per two clones (E/N=1/2) corresponds to a connectance of
one idiotypic partner per clone (nc=1). The Erdos & Renyi theory thus predicts that once the idiotypic
connectance exceeds one partner per clone, most clones suddenly become interconnected. Thus the
properties of the network may suddenly change. (We described such a sudden change before [De Boer,
1988] but did not refer to this theory).

High-D idiotypic networks. The combination of the Erdos & Reyni theory and our "absence of
fading" findings predicts that the stimulation of one clone in a sufficiently connected network will
finally affect all clones of the immune network, thus disrupting the virgin state of (nearly) all the
clones. This prediction is analysed here. By analysing randomly connected (100-D) networks (Fig.
4a,c) we first confirm the applicability of the Erdos & Reyni theory to random idiotypic networks.
Because biotic immune networks are not necessarily random, we additionally generate affinity matrices
by the (non-random) complementary matching of random (idiotypic) patterns (see Fig. 1). It will be
shown (Fig. 4b,d) that the "threshold" connectivity properties of these "pattern" networks cannot be
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Figure 4. The effect of connectance in 100-D random and complementary matching (pattern)
networks. Fig. 4a: the actual dimension of the random network connected to the antigen (01) and the
number of clones that actually switch (to immune or suppressed) following antigenic stimulation (0).
Fig. 4b shows the same for the pattern networks. Fig. 4c,d: the maximum antibody level reached by
the idiotypic signal in random (4c) and pattern (4d) networks.
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Figure 5. The behaviour of 100-D pattern networks (based on complementary matching). A network

with on average 1.04 connections per clone (5a), and (5 b) a network with 1.36 connections per clone.
This is respectively just around and just above the Erdos & Reyni11959, 19601 threshold of one edge

per two nodes. The Figure only depicts the clones that are actually connected to the network
stimulated by antigen (all other clones remain virgin).

122

-;

, , , 1

0 1 2 3 4 5 6 0 I 2 3 4 5 6

5 6

D 10

;
m

5

t 4

0

f



distinguished from those of random networks.
In both types of networks ("random" vs. "pattern") we analyse the effect of matrix connectance on

the system behaviour. In both networks connectance is measured by the actual number (nc) of
connections per clone (i.e. the number of non-zero A elements per row). In "pattern" networks the
connectance is increased by elongation of the random pattern (i.e. by allowing for more idiotopes per
idiotype). Because our complementary matching rule generates an exponential distribution of
affinities (see section 3), the average affinity of "pattern" networks is lower than that of an equally
connected (uniformly distributed) "random" network. To compensate for this lower affinity between
level one and level two (X1 and X2), "pattern" networks are triggered by a higher antigen
concentration (105 instead of 104). Networks are first allowed to equilibrate into a 100-D virgin state
(in the absence of antigen). Then they are stimulated for 25 days with a constant concentration of an
antigen recognised by only one clone (with at least one connection to the network). Two typical
examples are shown in Fig. 5 (one around (nc=1.04) and one slightly above (nc=1.36) the Erdos &
Renyi E/N=1/2 threshold). In the equilibrium that is finally reached we score: 1) the "effective
dimension" of the network, i.e. the actual number of clones that are connected to the clone stimulated
by antigen, 2) the number of clones that are actually affected, i.e. that have left the virgin state, and 3)
the depth of signal propagation, i.e. the maximum idiotypic level affected. The first score (1)
measures the above-mentioned Erdos & Renyi property; the other two link this with "absence of
fading".

The effective dimension (Fig. 4a,b) of our 100-D systems does indeed switch from low to high-D
interconnected networks around a connectance of one idiotypic partner per clone (E/N=1/2). This
switch is smoother in 50-D and steeper in 200-D networks (not shown); this explains why these
results were less pronounced in our previous 50-D models [De Boer, 1988]. The curve of the number
of affected clones (Fig. 4a,b: 0) is similar to (but somewhat smoother than) the "Erdos & Renyi"
effective dimension curve (Fig. 4a,b: 0). Whenever clones are connected to five or more idiotypic
partners, the (first) antigen affects nearly all clones. Moreover 2/3 of the affected clones are in the
suppressed state at a connectance of five. As was demonstrated before [De Boer, 1988], the ratio of
suppressed/immune clones increases if the connectance increases. Highly connected networks are thus
highly unresponsive: almost all clones are suppressed. The maximum idiotypic level that is reached
(Fig. 4c,d) peaks around a connectance of two (nc=2); in such networks signals penetrate deeply (here
up to level 12). Maximum penetration depends on the dimension of the network. A 200-D network
(with nc=2) reached a maximum idiotypic level of 17; 50-D networks reached lower levels. This is
probably related to the fact that in low-D networks pathways (connected structures) form closed loops
sooner; as was mentioned above, this stops the signal. For a 107-D biotic immune system (for nc.2)
the maximum idiotypic level reached by any immune response is thus also expected to be very large.

We conclude that the "random" and "pattern" networks are very similar with respect to these
connectivity properties. Thus, symmetric idiotypic networks that consist of one cell type (e.g. B
cells) are statistically expected to form one interconnected structure whenever each clone, on average,
has more than one idiotypic interaction. (Note that one interaction per clone is a minimal requirement
for network interactions.) If this "interconnectance" is combined with our "percolation" results, we
have to conclude that antigenic triggering of such a network will affect very many (i.e. most) of the
clones of the network.

The Virgin State. Another connectivity threshold is the existence of the virgin state. By
choosing the clonal influx of virgin cells small (S1-10 cells/day), we deliberately kept the N-D
network virgin state devoid of idiotypic interactions. Virgin anti-idiotypic populations are thus too
small to evoke idiotypic proliferation. In combination, a sufficiently large number of anti-idiotypic
clones should however be able to initiate proliferation in the virgin state [e.g. De Boer, 1988]. This
occurs more easily (i.e at a lower connectance) if the influx of virgin cells is somewhat increased. To
illustrate the effect of connectivity on the preservation of the virgin state we set (we can only
estimate the order of magnitude of such a parameter).
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Figure 6. The neonatal state of a random 100-D network with a connectance of 10 connections per
clone. We increased the influx of virgin cells (5x, i.e. Si=50 cells per clone per day).

Around a connectance of 10 idiotypic partners per clone (nc=10) networks suddenly lose their virgin
state, which means that clones switch to immune or suppressed without previous exposure to antigen
(Fig. 6). None of the clones remains in the virgin state. This is a form of autonomous network
activity. Note that this exact value of nc=10 is parameter dependent, i.e. depends on the Si/P1 ratio. If
Si...10 cells per day, the system switches around nc=50; if Si=100 it switches around nc=2. The
location of this threshold is, however, independent of the network dimension [De Boer, 1988]; it is
the sum of the idiotypic partners to which a clone responds. If antigen is introduced into such a
highly connected system, the network appears unresponsive. Clones either fail to react because they
are suppressed, or because they are already immune. Again the percentage of suppressed clones in this

state increases as a function of connectance (not shown).
We conclude that highly connected networks 1) do not have a virgin state, 2) are unresponsive to

external antigens, and 3) display autonomous activity, i.e. clones switch to immune states in the
absence of external antigens. We speculate that these results account for the differences reported to
exist between highly connected neonatal networks [Holmberg et al., 1984, 1986; Vakil & Kearny,
1986] and weakly connected adult networks [Pollok et al., 1982; Holmberg et al., 1986]. The former
do indeed display autonomous activity [Pereira et al., 1986]. We have demonstrated here that this
marked difference can be accounted for solely by the (possibly gradual) difference in the connectance of
the two types of networks.

Interpretation. We think that our results, i.e. the absence of suppression and the extensive
percolation of idiotypic signals, suggest that immune systems do not function as profound idiotypic
networks. The extensive percolation takes too much time and affects too many clones. By defining a
minimal model we have maximally avoided the incorporation of ambiguous assumptions. Thus,
because biotic immune systems are most probably based on a similar set of incorporated processes,
our results might be general and not typical only of the models described here. It might, however, be
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argued that our results are artefacts arising from our simplifications. We therefore test the robustness
of our results for the most obvious extensions of our model, i.e. "long-range inhibition", antibody
molecules, and helper T cells. Incorporation of "long-range inhibition" and antibody molecules is
relatively easy, and will be analysed in the next two sections; incorporation of helper T cells is more
difficult, and will be reported elsewhere [De Boer and Hogeweg, submitted].

4.3. Long-range Inhibition and Short-range Activation

Segel and Perelson [1988] apply a general rule from theoretical biology in order to develop an
interesting "shape-space" model of the idiotypic network. The incorporation of "long-range
inhibition" and "short-range activation" in a model promotes instability, and hence pattern formation.
It is therefore conceivable that our results hinge upon our assumption that the range of our
stimulatory and inhibitory idiotypic interactions is identical. We here test the robustness of our
"extensive percolation" results by allowing inhibitory interactions to be more general than
stimulatory interactions. Intuitively, general suppression might indeed shut off the paths along which
the idiotypic signal percolates into the network. Or as Segel and Perelson [1989] put it: "Intuitively
it is reasonable to assume that short range activation can give rise to a regular array of peaks from
areas of local activation surrounded by more dispersed annuli of inhibition". Additionally, an
immunological argument can be made: stimulatory interactions require crosslinking of the B cell
receptors, i.e. extensive binding by anti-idiotypic receptors, whereas it is conceivable that this
crosslinking (i.e. activation) process may be inhibited (blurred) by low-affinity binding of many other
anti-idiotypes.

We thus use two affinity matrices, one for activation (A) and one for the, more general,
inhibition (B). The A matrix is identical to that used in the "pattern" networks; the B matrix can
simply be made by using a smaller "mask" in the complementary matching algorithm. We here use a
mask of 7 sites for the B matrix, and 8 sites for the A matrix. Note that the A matrix is always
included in the B matrix, i.e. if two clones are able to activate each other (i.e. Aii>0), then they are
necessarily able to inhibit each other's crosslinking process (i.e. Be Aii). Moreover, note that both
matrices remain symmetric. For the above masks the connectivity of the B matrix is generally ten
times higher than that of the A matrix. In order to incorporate "long-range inhibition" we implement
the B matrix in our model:

aId = E A..0X. (1)

I3Idi = I Bijoxi (1)
j=1

Agi + aIdi P2
G(Xi, Agi, aldi, pId1) (2)

P1 + F0X + Agi + aIdi P2 + PIdi

dXi
= Si - D oXi + PoXio G(Xi, Agi, aIdi, PIdi )

dt
(3)

Typical examples of such networks are shown in Fig. 7. Fig. 7a shows the same, weakly connected,
network as was displayed in Fig. 5b (i.e. the A matrices are identical: nc=1.36). This "long-range
inhibition" network also displays extensive percolation: similar to what was described in Fig. 5b (see
Fig. 4b), 35 of the 55 clones that were actually connected to the clone stimulated by antigen are
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affected by the signal (i.e. switch to an immune or suppressed state). Additionally, 33% of the 100

clones are finally more or less suppressed by the long-range inhibition (nc=9.72 in the B matrix).
Moreover, the network behaviour seems rather chaotic: the system oscillates irregularly and only
settles into an equilibrium after two years. Another example ofsuch "erratic" behaviour and slow
settlement (>3 years) into an equilibrium state is shown in Fig. 7b. This Figure shows a network
based on an average of 2.86 stimulatory and 21.2 inhibitory interactions per clone. Without the
"long-range inhibition" this network (see Fig. 4b) managed to settle into an equilibrium in about 300

days. Networks below the connectivity threshold (nc=1), by contrast, do behave very similarly to
those of section 4.2. We conclude that, above the nc=1 threshold, "Iong-range inhibition" networks 1)

can only slowly settle in equilibria, 2) seem chaotic, and 3) also display extensive percolation.
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Figure 7. The behaviour of "longe-range inhibition" networks. Fig. 7a: each clone has on average
1.36 stimulatory interactions (i.e. the A matrix is identical to that ofthe network displayed in Fig.

.5b) and on average 9.72 inhibitory interactions. The 100-D system also percolates extensively and
takes about twice as long to settle in a stable state. Fig. 7b: a similar network based on an average of

2.86 stimulatory and 21.2 inhibitory interactions per clone. The seemingly chaotic behaviour is very

pronounced in these "longe-range inhibition" networks.

The explanation for these counter-intuitive results is the fact that our networks do not
discriminate between "activators" (e.g. helpers) and "inhibitors" (e.g. suppressors). Whether a clone

stimulates or inhibits its idiotypic partners depends on the local circumstances. Hence, the
(long-range) inhibition of an immune (i.e. inhibitory) clone will transform that clone into a
suppressed (i.e. stimulatory) clone. Thus "long-range inhibition" of immune clones implies
"Iong-range activation". Our idiotypic network cannot fully discrimimate between "inhibition" and
"activation". Additionally, these networks are morc chaotic because the "long-range" interactions

disturb stable equilibria that were attained at previous idiotypic levels. Thus, through the inhibition,
idiotypic interactions at previous levels switch to other ratios, which locally initiates the percolation

of new idiotypic signals.
We conclude that the incorporation of "long-range inhibition" cannot prevent the "extensive

percolation", but adds an additional "unreasonable implication", i.e. "extensive oscillations". We
think that the type of chaos displayed in Fig. 7 cannot be characteristic for immune systems.
Following antigenic stimulation the network oscillates unpredictably for periods of several years. It
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thus seems very likely that the clones that have to remain immune to the original antigen also
become involved, and hence switch to suppressed states for extended periods of time (i.e. for months).
Antigen specific immunity would thus become a rather chaotic phenomenon which switches on and
off in time, until it unpredictably settles into "immune" or "suppressed". We are aware of the fact
that some of the theoreticians and experimentalists think that immune networks do function by means
of chaotic behaviour; we however think that this idea is altogether too "romantic". At least, we fail
to see how this type of chaotic behaviour can be applied to our questions regarding antigen specific
immunity and/or suppression.

4.4. Results: Incorporation of long-lived antibodies.

In the above models we simply lumped B-cells and their antibodies into one population (X). Idiotypic
communication between populations of B cells however occurs via their respective antibodies.
Because the life-span of cells and antibodies is quite different (most B cells are short-lived and
antibodies generally are long-lived) [Jerne, 1984], and because B cells proliferate before they produce
antibodies [Melchers and Anderson, 1986], it seems important to complicate our model in order to
incorporate antibody production. We now distinguish populations of cells (Xi) from antibodies (Abi):

aIdi = E A1.1 0Ab
J

j=1

dAgi KoAgioAbi

dt K + Abi

dAbi Agi + aldi
= MoXio

dt M1 + FoXi + Agi + aIdi
E0Abi - CoAbio aIdi

Equations 2 and 3 of our original model remain identical. Idiotypic stimulation and inhibition of cells
now occurs via the total of anti-idiotypic antibodies (aIdi, eq. 1"). Antigen (eq. 4") is now eliminated
by antibodies. Antibodies (eq. 5) are produced by cells if these are sufficiently (M1) stimulated by
antigen (Agi) and/or the anti-idiotypic antibodies (aIdi). This interaction is again buffered (F). Each
fully activated cell produces M antibody molecules; each molecule has a life-time of 1/E days. In the
present model it is possible to incorporate antibody removal by the formation of antibody complexes
(at a rate C).

Parameters. The setting of the new parameters is relatively easy. We scale the antibody
concentration into units produced per cell, i.e. M=1. Antibodies are relatively long-lived. The half-life
of IgM antibodies is about two days, that of IgG 4-8 days [Vieira & Rajewsky, 19881. We here take a
lifespan of roughly five days (E=0.2); a life-span of about 10 days gives similar results (not shown).
We will first ignore complex formation (C=0). B cells differentiate into antibody-producing cells
(plasma cells) after a number of proliferation cycles. This can be incorporated by setting M1>P1.
Both models (i.e. eqs. 1-3 and eqs. l', 2-4) are however most equivalent if M1«P1, i.e. if the
antibody concentration is proportional to the (cell) population density. Because the antibodies live
five times longer than the B cells, such "equivalent" antibody concentrations are generally 5 times
higher than the B cell population density. By resealing P1 to 50103, P2 to 50106, and K1 to 50105
(i.e. by a 5-fold increase) we can easily compensate for this difference; this is "external equivalence"
[Irvine & Savageau, 1985].
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Figure 8. A 2-D network incorporating antibodies (for A 12=1). The isoclines are drawn for a quasi
steady state assumption for the antibody equations (eq. 4). Fig. 8a: a system which is externally
equivalent to that of Fig. 2 (i.e. M 1=1, P1= 50103, and P2= 50106). Fig. 8b: a system in which
proliferation precedes antibody production (i.e. M 1= 5 010 P j= 50103 , and P2= 5 01(P). The equilibria
remain qualitatively the same to those of the previous model (Fig. 2).
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Figure 9. The X j'=0 and X2'=0 isoclines as a function of the onset of antibody production (M1). The
immune states exist only if Mj is sufficiently small.
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Figure 8a displays the 0-isoclines of a 2-D network of this "antibody" model for these (external)
equivalence conditions (i.e. for M1=1, P1= 50103, P2= 50106). In order to perform this 2-D graphical
analysis (which is directly comparable to Fig. 2a) of this 4-D model, we made a quasi steady state
assumption for the antibodies (eq. 4). (We make this assumption just for this comparative static
analysis; dynamically it is not justified, see below). The isoclines and hence the equilibrium points
are very similar to those of Fig. 2. The only difference is the population level to which clones are
suppressed: clones remain larger here (even lower M1 values give identical results). The suppression
is reduced because a clone that suppresses another clone requires continuous idiotypic stimulation (by
antibodies produced by the suppressed clone) in order to be able to produce its (suppressive)
antibodies. Moreover, suppressive clones are typically large and hence require quite vigorous
stimulatory interactions (due to the buffering). However, since the equilibrium states are very similar
to those of the previous model, similar switching behaviour is to be expected.

It seems more interesting however to incorporate the empirical finding that B cells produce
antibodies after a proliferation period, i.e. to set M1 > P1. This again hardly affects the equilibrium
states (see Fig. 8b, M1= 50104, P1= 50103, P2= 50106); only the region of attraction of the virgin
state increases (which may be advantageous because it gets lost rather easily, Fig. 7). The effect of the
M1 value on the isoclines is analysed more gradually in Fig. 9. If antibody production starts too late
(e.g. M1 » 106) the idiotypic proliferation region decreases; hence idiotypic interactions lose their
effect. The balance of proliferation and differentiation [Grossmann, 19821 thus requires to be tuned
accurately. If we do this (M1= 50104), and if we stimulate this "quasi steady state system" with
antigen it does indeed switch to the corresponding immune state. In this equilibrium the antibody
concentration of the suppressed anti-idiotypic (X2) clone also suffices for activating the next (virgin)
anti-anti-idiotypic (X3) clone. Signals thus still fail to fade. We conclude that, for a sufficiently low
onset of antibody production (e.g. M1- 50104), we have succeeded in incorporating "antibody
production after proliferation" but have preserved the previous isoclines and steady states.

However if we analyse this model dynamically, i.e. if we relax the quasi steady state assumption
for the antibodies (eq. 4), totally different results are obtained. In the virgin state Ag1 is introduced in
a dose of 105 cells; this dose suffices for antibody production (i.e. Ag1>M1=50104). Fig. 10a shows a
time plot of the system behaviour: antigen is rejected but the systems switches from virgin to cyclic
behaviour: it never settles in any (immunity) equilibrium. Fig.10b shows the same behaviour, now
plotted in the X1 vs. X2 (i.e. the idiotype vs. anti idiotype) state space. We conclude that although
this model has similar equilibria, they are no longer attractive when antibodies are really made
long-lived (i.e. by relaxation of the quasi steady state assumption). Thus the difference in the lifespan
of cells and antibodies totally disrupts the neat switching behaviour of the previous model. Because in
biotic immune systems antibodies and cells do have a different lifespan, the generation of memory
phenomena by idiotypic interactions becomes even more questionable.

The cycles take place in the complete absence of antigen: antigen was rejected around day 60.
Fig. 10a shows the explanation for the cycles: around day 60 the high and suppressive Ab1
concentration slowly decays (due to antibody turnover). This means that after a while the suppressive
Ab1 concentration becomes stimulatory again (i.e. when Ab1 < P2). This reactivates idiotypic
proliferation until the Ab1 concentration becomes inhibitory again. Again Ab1 slowly decays (due to
turnover) and the cycle repeats itself. Thus, as was the case in the "long-range inhibition" model,
clones switch from "stimulatory" to "inhibitory" by moving along the bell-shaped dose response
curve. This type of switching is based on our most fundamental assumptions: 1) no distinction
between "helpers" and "suppressors", and 2) the bell-shaped growth functions. Here, the switching
(and cycling) is essentially determined by the autonomous slow decay of the antibodies.

Complex formation. The (possible) removal of antibodies by the formation of idiotypic anti-
idiotypic antibody complexes is a process that reduces the intensity of idiotypic interactions between
cells. This occurs when antibody concentrations are large (compare our bell-shaped dose response
function). The rate of complex formation is determined by our C parameter (C was zero above). If we
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Figure 10. The behaviour of the antibody model (the quasi steady state assumption being relaxed). The
2-D network is stimulated with an antigen dose Ag1=105 . Antigen is rejected but the network fails to
switch and enters an infinite cycle which is displayed in time (Fig. I0a), and in the X1 vs. X2 space
(Fig. 10b).
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Figure 11. The X and X2'=0 isoclines as a function of the rate of antibody complex formation (C)
for P2 = 00 (i.e. when complex formation is the only inhibitory interaction in the system). For
realistic population densities this system never has immune states.
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replace our bell-shaped curve by a saturation function (i.e. set P2 to 00), and incorporate complex

formation (i.e. set C>0), we obtain Fig. 11. This "antibody complexes" model generally has only one
virgin state and no immune states (if C is extremely small (e.g. 10-8) the system has one immune
state at unrealistically high populations (1010 cells)). We conclude that complex formation on its
own cannot account for interesting switching behaviour. Furthermore, by complex formation alone, a
large idiotypic population (antibody and/or cells) can never "suppress" a small anti-idiotypic
population just because the latter is too small to remove the former.

Complex formation can also be combined with our bell-shaped dose response curve (i.e. keep P2=
50106 and set C>0). Such models only have multiple stable points if C is sufficiently small, i.e.
whenever complex formation plays a sufficiently small role. At very high antibody concentrations
however, such small C values give rise to complex formation. Thus suppressive antibody levels are
more quickly reduced to stimulatory levels. Hence complex formation accelerates the cycle displayed
in Fig. 10, and fails to play a stabilizing role in the present models.

7. Discussion

We have analysed a simple model which incorporates only fundamental idiotypic network
assumptions. This model nevertheless displayed unexpected and/or unreasonable behaviour. We
concluded that, if idiotypic networks switch from virgin to immune states, such switches propagate
infinitely into the network. Moreover, the idiotypic control of proliferation seems impossible because
proliferating clones suppress their anti-idiotypic suppressors. Highly connected networks display
autonomous behaviour but are unresponsive to foreign antigens. Long-range inhibition cannot solve
these "percolation problems". The simple difference in the lifespan of antibodies and cells generates
complex cycling behaviour. This behaviour is governed by the autonomous slow decay of antibodies
and totally disrupts the fine tuning of the idiotypic interactions.

The absence of interesting network behaviour in our model contrasts strongly with the abundance
of experimental results on idiotypic networks. This discrepancy might suggest that our assumptions
are wrong or, more likely, insufficient. Alternatively, however, we might question the validity of the

experimental results. In our model, with all its "unreasonable implications" we can easily obtain
"interesting results" by "experimental manipulation"of the system. In the model idiotypic control of
proliferation can be achieved by the introduction of a large dose of anti-idiotypic antibody (or cells)
[De Boer and Hogeweg, 1989b]. Such manipulation eliminates the "natural" advantage of the clone
responding to antigen. Moreover, we can manipulate the neonatal repertoire (i.e. the equilibrium
state) of highly connected networks by introducing one of the clones (or antibodies) during the
neonatal development. Our "manipulated" network however remains unresponsive to most (but
different) antigens, and hence remains non-functional. These examples show that "interesting"
empirical data do not necessarily prove the functionality of the network, but can be a consequence of
the experimental manipulation.

Other experimental data, by contrast, confirm our idea that immune systems do not function as a
profound network of idiotypic interactions (reminiscent of neural networks). These data suggest that
the network is not "open ended" but that idiotypic interactions remain confined to specific and limited
structures. In these experimental systems [Wikler et al., 1979] it was shown that Ab3 is idiotypically
related to Abl (although Ab3 does not bind antigen), and that AM resembles Ab2. Thus,
experimental data were recently intepreted in terms of "flat" networks, e.g. the "broken mirror"
hypothesis [Urbain, 1986] or Jerne's [1984] system of "preferred partners", and not in terms of
profound networks. This accords with our results. However, such structures do not arise
spontaneously (see e.g. our "pattern" networks), i.e. idiotypic profiles are expected to diverge. We
therefore plan to investigate the type of idiotypic interactions that would generate such (or similar)
confined immune network reactions.
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In conclusion, the present results contradict our intuitive expectations about the functioning of
this simple (fundamental) network. This can be taken as another argument supporting the idea that
(biotic) idiotypic networks are non-functional [Cohn, 1986; Langman and Cohn, 19861.

Alternatively, the results can be taken as an argument that the idiotypic network must be more
complex than we assume in our models. This would certainly be important because it would pinpoint
the additional network assumptions that have to be made if idiotypic network theory is to adequately
account for the functioning of immune systems. We have here tested two such complications, i.e. 1)
"long-range inhibition" and 2) the difference between the lifespan of cells and antibodies, and have
concluded that the additional complexity can only hamper the functioning of the network.

The incorporation of T-B cell cooperation is the next obvious extension of the our simple B cell
idiotypic network model. Production of anti-idiotypic antibodies has indeed been demonstrated to
depend on helper T cells [Trenker and Rib let, 1975]. Elsewhere [De Boer and Hogeweg, submitted] we
will analyse the role that helper T cells play in T/B cell idiotypic networks. These models are however
complicated. Firstly, for the T-B cell idiotypic interaction, one has to distinguish between 1)
MHC-restricted helper T cells, and 2) helper T cell receptors that bind directly to B cell idiotypes.
Secondly, we distinguish antigen-specific and idiotype specific helper T cells. Thirdly, we have to
consider percolation pathways consisting of either B cell clones (cached helped by a helper clone) or of
mixtures of B and T cell clones. The most important conclusions arc: 1) MHC restricted T-B idiotypic
interactions are expected to be asymmetric, 2) symmetric and asymmetric helper interactions may stop
the percolation along the Ag-B1-B2-B3 pathway at level of the second B cell clone, and 3)
MHC-restricted helper interactions avoid percolation along Ag-B1-T2-B3 pathways. These results [De
Boer and Hogeweg, submitted] suggest that for B cell idiotypic interactions helper T cell activation is
of crucial importance. Furthermore, the results suggest that helper interactions fail to account for
limited percolation, i.e. for localised network responses.

The sensitivity of idiotypic B-B interactions to helper T cell activation implies that (theoretical
and experimental) network models that neglect helper T cells can only be valid for helper- independent
idiotypic interactions. Although it has never been demonstrated experimentally, B cell idiotypic
interactions of the IgM networks of early (i.e. developing) immune systems [Holmberg et al., 1984;
1986] are possibly helper independent. These early IgM networks are supposed to develop before T
cells emerge [Martinez-A et al. 1988]. Thus, if helper interactions are indeed so crucially important,
the present B-B idiotypic network model would only be valid for the early IgM network situation.
Moreover, as was discussed at the end of section 4.2, extensive percolation is probably realistic in
these highly connected IgM networks. The autonomous network activity (Fig. 6) does not have to
account for antigen-specific immunity, but may, instead, play a role in the selection of B and/or T cell
repertoires [Vakil and Kearny, 1986; Martinez-A et al. 1988; own unpublished results].

Because we robustly fail to find a solution for the unrealistic percolation problems that arise in
the various idiotypic networks that we are analysing, we have become very critical of the hypothesis
that the phenomenon of immunological memory is generated by (cognitive) state switches in
profound networks of idiotypic interactions.

We thank Ms S.M. McNab for linguistic advice.
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Chapter 2.3

Idiotypic Networks Incorporating T-B cell Cooperation.
The Conditions for Percolation.

Rob J. De Boer and Pauline Hogeweg

Bioinformatics Group, University of Utrecht, Padualaan 8, 3584 CH Utrecht,
The Netherlands

(Submitted for publication)

Previous work was concerned with symmetric immune networks of idiotypic interactions
amongst B cell clones. The behaviour of these networks was contrary to expectations. This
was caused by an extensive percolation of idiotypic signals. Idiotypic activation was thus
expected to affect almost all (> 107) B cell clones. We here analyse whether the incorporation
of helper T cells (Th) into these B cell models could cause a reduction in the percolation.
Empirical work on idiotypic interactions between Th and B cells however, would suggest
that two different idiotypic Th models should be developed: 1) a Th which recognises native
B cell idiotypes, i.e. a non-MHC-restricted "ThId" model, and 2) a "classical" MHC-restricted
helper T cell model.

In the ThId model, the Th-B cell interaction is symmetric. A 2-D model of a Th and a B
cell clone that interact idiotypically with each other accounts for various equilibria (i.e. one
virgin and two immune states). Introduction of antigen does indeed lead to a state switch
from the virgin to the immune state; such a system is thus able to "remember" its exposure
to antigen. Idiotypic signals do however, percolate in ThId models via these "B-Th-B-Th"
pathways: proliferating Th and B cell clones that interact idiotypically, will always activate
each other reciprocally.

In the MHC-restricted Th model, Th-B interactions are asymmetric. Because the B cell
idiotypes are processed and subsequently presented by MliC molecules, the Th receptor and
the native B cell receptor are not expected to be complementary. Thus the Th and the B cells
are unable to activate each other reciprocally, and a 2-D Th-B cell model cannot account for
idiotypic memory. In contrast to the ThId model, idiotypic activation cannot percolate via
"B-Th-B-Th" interactions. Due to the assymmetry idiotypic actiavtion stops at the first Th
level. A Th clone cannot activate a subsequent B cell clone: if the B cells recognise the Th
cells, they see idiotype but get no help; if the Th cells see the B cells, the B cells are helped
but see no idiotype.

The percolation along "B-B-B" pathways in these two models is next analysed. Two B
cells clones, each helped by one Th clone, are connected by a symmetric idiotypic
interaction. It turns out that in both models the second (i.e. anti-idiotypic) B cells (B2) never
proliferate. The anti-idiotypic B cells are activated whenever the first (idiotypic) B cells (B1)
proliferate, but because the activated B2 cells are not being helped, they fail to proliferate.
Thus, because the third level Th cells (T3) are not being activated by the idiotypic cascade,
signals never percolate along "B-B-B" pathways in both models.

Percolation is subsequently analysed in 200-D networks, comprised of random mixtures
of "B-B" and "B-Th" pathways. As soon as the connectivity of the symmetric Th-B
interactions exceeds a threshold level of two connections per clone, the idiotypic cascade
percolates extensively in the ThId model. Conversely, due to the asymmetry, signals do not
percolate at all in the MHC-restricted networks.

Helper T cells thus set the conditions for idiotypic signal percolation. Firstly,
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considering "B-B" cell idiotypic interactions, it turns out to be essential to consider the
activation of helper T cells (i.e. T3) for the anti-idiotypic B cells (B2). Secondly, due to the
asymmetry, MHC-restricted Th and ThId cells differ with respect to the constitution of
functional networks based on a "B-Th-B-Th" topology. MHC-restricted Th cells may
altogether prevent the development of functional idiotypic interactions. Thus, idiotypic
networks are not necessarily "unavoidable".

1. Introduction

Idiotypic network theory [Jerne, 1974] is presented as an "unavoidable" [Jerne, 1984] implication of
the extremely large (>107) number of different lymphocyte clones which collectively, can virtually
recognise anything. The theory states that, if the repertoire of receptors can recognise any antigen,
receptors should also be able to recognise other receptors. The antigenic determinants presented by
receptors are called "idiotypes" [Jerne, 1974]; the interaction between receptors therefore "idiotypic"
interactions. Via idiotypic interactions, clones should thus be able to interact in a stimulating and/or
inhibiting manner. Apart from being "unavoidable", idiotypic interactions are suppossed to be
desirable: they are supposed to play an important role in the behaviour of immune systems. Idiotypic
networks have often been compared to neural networks, with respect to both structure (i.e. an almost
infinite number of connected cells or clones) and to function (i.e. memory and/or cognitive properties)
[Jerne, 1974; Kelsoe et al., 1981; Hoffmann, 1986; Farmer et al., 1986, Varela et al., 1988].

In order to analyse whether high-D immune networks do indeed have such network properties, we
previously analysed an idiotypic network model that aimed to be "fundamental", i.e. that was based on
simple and reasonable assumptions. Focussing on the important immunological properties of antigen
specific "regulation" (i.e. proliferation control) and "immunity" (i.e. memory), we concluded that our
idiotypic networks fail to account for this. Proliferation control is impossible in symmetric immune
networks, because proliferating clones suppress their suppressors [De Boer & Hogeweg, 1989b[.
Immunity, i.e. antigen specific memory, is impossible in high-D immune networks (i.e. networks
consisting of many clones) because of (semi) chaotic behaviour and extensive percolation of idiotypic
signals [De Boer 1989a, 1989b; De Boer & Hogeweg, 1989c]. We have tested the robustness of these
results by the incorporation of "longe-range inhibition" and of "circulating antibodies"; the result was
that the network behaviour only got worse.

In previous work we defined the "extensive percolation" problem of high-D networks [De Boer &
Hogeweg, 1989c); see also [De Boer, 1988; 1989a; 1989b; De Boer & Hogeweg, 1989a]. Extensive
percolation essentially means that all clones are eventually expected to become activated and/or
affected by the idiotypic signal that is initiated by the first antigen that enters the system. Subsequent
antigens are therefore unable to perturb the system. We think that, if the immune system does indeed
function by means of an idiotypic network, the network responses should remain localised, i.e. most
of clones should remain in the virgin state in order to be able to respond to subsequent different
antigens. Empirical data also suggest that idiotypic network responses remain more or less localised
[Wikler et al. 1979; Bona & Pernis, 1984; Bottomly, 1984]. The extensive percolation is however a
very robust property of our models. It hinges upon: 1) the (statistical) connectivity properties of
idiotypic networks (i.e. a graph theoretical result), and 2) the (reasonable) assumption that sustaining
the proliferation (i.e. the immune state) of a large clone consisting of very many cells, requires a
higher idiotypic stimulus than the activation of the few cells of a subsequent small (virgin) clone.

In order to achieve localised network responses, it thus seems necessary to assume that the
initiation of an idiotypic interaction with a subsequent (virgin) clone is somehow more difficult that
the maintenance of an established idiotypic interaction. Helper T cells (Th) that produce the necessary
growth and differentiation factors for B cells can possibly account for this. Initiation of new idiotypic
interactions would require both idiotypic activation and the recruitment of sufficient specific helper
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cells (due to threshold effects the latter might be difficult [De Boer & Hogeweg, 1986, 1987;
Kevrekidis et al. 1988]). Ongoing idiotypic interactions have already accumulated these helper cells;
their maintenance therefore merely requires idiotypic activation (which itself might even be easier in
the presence of helper T cells). Note, however, that this argument is a subtle one: idiotypic network
theory requires that the B cell clones that are activated by antigen (i.e. level 1) are able to activate the
anti-idiotypic B cell clones (i.e. level 2) they can interact with. These anti-idiotypic clones are
expected to be in the virgin state and have not yet recruited helper T cells. The percolation should
obviously fade at some higher level and not at level 2.

Nevertheless, we will incorporate helper T cells in our previous idiotypic B cell model. It will
become clear that, because of MHC-restriction, we have to discern between two different types of
helper T cells. These two models differ essentially with respect to our percolation problem: one
cannot solve it because percolation proceeds via the Th cells, the other makes it obsolete because all
idiotypic interactions beyond level 2 (i.e. beyond the Th level, see Fig. 1) are non-functional.
Furthermore, it will turn out that we have to discern between two different pathways of signal
percolation. Firstly, idiotypic activation might generally go via B cell clones (i.e. the "B-B-B"
pathway); anti-idiotypic helper T cells help the B cells on the pathway but do not transfer the
idiotypic signal (see Fig. la). Secondly, the signal might generally switch between B and Th clones
(i.e. the "B-Th-B-Th" pathway), see Fig. lb. Because of the expected randomness of the Th and B cell
repertoires, we even have to consider mixtures of both pathways. The structure of this paper is thus
rather complex: two models and two percolation pathways are treated.

A
Antigen Level 1 Level 2 Level 3 Level 4

t

-

Antigen Level 1 Level 2 Level 3 Level 4

Figure 1. Two schemes of idiotypic Th-B cell interactions. The upper panel (A) displays a "B-B-B"
pathway, i.e. a network of idiotypic B cell interactions (these are always symmetric) in which each B
cell clone is helped by an anti-idiotypic Th clone (131 by Tj etcetera). The Th clone therefore
belongs to the next idiotypic level. This Th-B interaction is symmetric in the Thld model and
asymmetric if we incorporate MHC-restriction. The bottom panel (B) displays a "B-Th-B-Th"
pathway, i.e. a network devoid of idiotypic B cell interactions. Idiotypic activation along the
subsequent levels now switches between B and Th cells. In the actual models we ignore the antigen
specific helper T cells, i.e. the T I population that is shown in both panels.
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2. The previous symmetric B cell model

We [De Boer, 1988; De Boer & Hogeweg, 198%, 1989c] considered one class of cells, i.e. clones of
B-Iymphocytes. We assumed that B-lymphocyte populations are regulated by three processes: 1)
influx of newborn cells from the bone marrow, 2) normal turnover (decay) of cells, and 3)
proliferation. It was further assumed that idiotypic interactions influence the rate of cell proliferation.
(It was implicitly assumed that idiotypic B cell interactions are T cell independent or that T cell help
is always sufficient). Because idiotypic recognition is based on complementary matching, followed by
receptor crosslinking, idiotypic interactions seem necessarily symmetric. Hoffmann [1979, 1980] first
proposed this simple and appealing symmetry theory. Because B cells are most probably activated by
the crosslinking of the antigen receptors (surface Ig), it is to be expected that the rate of cell activation
increases with the concentration of the crosslinking agent (here antigen or anti-idiotypic antibody).
However, whenever these concentrations become too high, the efficacy of cell activation by receptor
crosslinking decreases. This argument corresponds to a (log) bell shaped proliferation dose response
curve, i.e. to one that can be found in any textbook on immunology.

The results showed that these "reasonable" B cell models can easily account for memory
phenomena (i.e. immunity) in networks incorporating very few B cell clones, i.e. low-D networks.
Memory is generated by stable state switches from a virgin state to the "correct" immune state [De
Boer & Hogeweg, 19890. The general validity of these results was however questioned because, in
high-D networks, similar state switches necessarily occur for clones at higher idiotypic levels. Thus
idiotypic activation percolates deeply into the network and is expected to affect most of the clones [De
Boer, 1989 De Boer & Hogeweg, 1989c]. We considered this behaviour to be unrealistic.

3. Toward a realistic model of idiotypic T-B interactions

Empirical data show that B cells can only proliferate and mature if they are sufficiently "helped" by
soluble factors produced by antigen (or idiotype) specific helper T cells (Th) [Melchers & Anderson,
1986]. This is also true for idiotypic interactions: in order to elicit an anti-idiotypic response one
usually introduces idiotype plus adjuvant [Kawahara et al., 19861 or dentritic cells [Francotte &
Urbain, 1985] which enhance the Th response. The necessity of incorporating T-B interactions in our
models arises, firstly, from our inability to account for reasonable network behaviour with our
previous models of idiotypic B-cell networks [De Boer, 1988; De Boer & Hogeweg, 1989c]. Our aim
is now to determine whether the regulatory properties of Th cells might solve these earlier problems.
Secondly, if we consider a "random" network of Th and B clones, idiotypic interactions between T and
B cells in such a network might be different from those amongst B-cell clones. However, such an
extended model can be developed along two alternative lines of evidence derived from empirical data.

The most classical approach is the line that has demonstrated that Th cells can only see B cell
idiotypes that are presented by the (class II) MHC molecules embedded in the B cell surface. Because
antigens are processed (i.e. degraded) before they are presented, the Th cells cannot be expected to
recognise the native immunoglobulin (Ig). These aspects are treated in our second model. Our first
model considers the other, more simple but more controversial, line of evidence which shows that
some Th cells form bonds with complementary immunoglobulins [Bottom ly, 1984; Janeway, 1984,
1988a]. Tite et al. [1986] describe a murine Th cell line that 1) activates B cells with complementary
receptors (surface Ig), and 2) is itself activated by such complementary antibodies. Such idiotypic
interactions are not MHC restricted. These Th cells are called ThId cells [Bottom ly, 1984; Janeway,
1984, 1988a1 .

The Thld model. If Th and B cell receptor molecules do indeed match complementarily, and if
such matching does indeed suffice for cellular activation, these idiotypic Th-B interactions are expected
to be symmetric. If a Th cell is activated by anti-idiotypic (i.e. complementary) Ig, the same Th
receptors should also be able to activate the corresponding B cell. We believe that this is confirmed by
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the empirical data on reciprocal activation [Tite et al., 1986]. Therefore we asume that both the B-B
and the Th-B idiotypic interactions in the ThId model are symmetric. Apart from the symmetric
idiotypic Th-B interaction, the ThId model incorporates an asymmetric helper interaction, i.e. Th cells
provide help for B cells (and not vise versa). These non-idiotypic helper interactions (e.g. aspecific
local factor production) are however steered by the idiotypic interactions: B cells receive help from the
T cells they interact with idiotypically. We assume that individual Th cells always help themselves
sufficiently (Th cells generally produce their own growth factors); i.e. we ignore possible proliferation
threshold effects [De Boer & Hogeweg, 1986,1987].

In accordance with our previous models, both the idiotypic activation of B and T cells by
anti-idiotypic Ig, and that of B cells by anti-idiotypic Th receptors, follows the general (log)
bell-shaped dose response curve [De Boer & Hogeweg, 19890. Thus extremely high concentrations of
anti-idiotype are assumed to be suppressive for both Th and B cells. We again assume that a B cell
that is activated by external antigen is always sufficiently helped by antigen specific Th cells (i.e. T1
cells). This seems a quite realistic assumption; such Th cells are activated by antigen presenting cells.
In our model antigen directly provides "help" for antigen specific B cells; this enables us to simplify
the model by omitting antigen specific Th cells (T1).

We propose the following model. Consider a set of B and Th clones, i.e. we have a total number
(say N) of B cell clones Bi and Th clones Ti (i.e. Let aIdBi be the total amount of
anti-idiotype for clone Bi; this is divided over anti-idiotypic Th (aIdTBi) and anti-idiotypic B (aIdBBi)
cells. Our Th clones cannot see the other Th clones: the total amount of anti-idiotype for clone Ti is
aIdTi which exclusively consists of aIdkj (i.e. of anti-idiotypic B cells). The B cells only respond
to antigen (Agi): antigen specific Th cells were omitted (see above). Hence, the growth functions "G"
for B respectively Th cells become:

Agi + aIdBi 02 B
GB(Bi, Agi, aldBi) (1)

G B + FoBi + Agi + aIdBi G2B cd(113 i

IdTi 02 T
GT(Ti, (2)

G1T + FoT + aId-rj G2T + aIdTj

The Bi clone receives "help" from its anti-idiotypic Th cells (aIdTB1) according to a saturation
function "H":

H(Bi, Agi, aIdTBi)
Agi + ctIdTBi

H1 + FoBi + Agi + aIdTBi

Thus B and Th cells grow at a rate:

Bi = SBi - D oBi + P0Bi0GB(Bi, Agi, aldB)oH(Bi, Ag, aldTBi)

Tj' = STi - D oTi + PoTjoGT(Tj, aIdTj)

(3)

(4)

(5)

Where SBi and STi specify the influx of cells per clone "i" or "j" from the bone marrow and thymus
respectively, D is the rate of cell turnover, and P is the maximum rate of proliferation. For reasons of
simplicity we assume that each antigen is recognised by only one B clone. Antigen (Agi) cannot
grow, has a low turnover rate R, and is removed by the (one and only) B cell clone (13i) that
recognises this particular antigen:
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KoAgjoBi
Agi = RoAgi

K1 + Bi
(6)

All saturation functions are buffered with a F parameter (F«1). Buffering ensures that large idiotypic
populations cannot be stimulated by small antigen and/or anti-idiotype concentrations [De Boer &
Hogeweg, 1989b]. The general parameter setting is the same as the one used before: S B=51=10 cells
d-1, D=1 d'I, P=1.5 d-1, G1B=G1T=103, 2B=G21106, F=0.01, R=0.1 c1-1, K=1, K1=10. B cells
require about H1=100 Th cells for half maximal help; this resembles our previous estimate for the
effect of help (i.e. 1L2) from helper cells [De Boer & Hogeweg, 1986, 1987]. The virgin population
density equals S/D -10 cells. The influx is slightly different for each clone (to prevent settlement in
unstable equilibria): S has a mean of 10 cells per day with a 10% standard deviation. Virgin
populations are too small to evoke proliferation (SB/D = ST/D « P1): idiotypic interactions are
negligable in the virgin state. Recent empirical data confirm this assumption: virgin B cell
populations are indeed unable to activate resting T cells [Lassila et al., 1988]. Moreover, in our
models virgin Th populations are insufficient for helping B cells (H1 > ST/D): only by proliferation
can Th populations become effective helpers. All cells are short-lived, i.e. they live about one day.
Maximum proliferation proceeds at a rate P-D=0.5 cells per cell per day (this corresponds to a
doubling time of about 16 hours). See [De Boer & Hogeweg, 1989b] for a more detailed discussion of
these parameters.

The ThMHCId model. A general dogma in immunology is that Ig bonds with native antigen,
whereas Th receptors bond with processed antigen fragments presented by class II MHC molecules.
Via the surface Ig receptors B cells should thus be able to recognise anti-idiotypic (i.e.
complementary) T cell receptors. Th cells, by contrast, should not bond with complementary Ig, but
should only be able to interact with Ig that is internalized, fragmented, and represented by the B cell
MHC. Because B cells 1) do express class II MHC, 2) do proccss antigens, and 3) do internalize their
Ig, such MHC-restricted Th-B idiotypic interactions are indeed expected to take place. MHC-restricted
idiotypic interactions between Th and B cells are indeed described in the literature [Celada, 1988;
Kawahara et al., 19861; this is a class of anti-idiotypic Th cells separate from the ThId cells described
above [Janeway, 1988a].

Importantly, however, this MHC-restricted interaction structure is no longer expected to be
symmetric. A (3-D shaped) B cell receptor molecule (Ig) that matches complementary to a (3-D
shaped) T cell receptor molecule, is not expected to be complementary to the same TcR if the Ig is
processed and presented as a (linear) fragment in combination with MHC. Thus the Th cell that
activates a particular anti-idiotypic B cell is itself expected to become activated by different
anti-idiotypic B cell clones. Moreover, note that "anti-idiotypic" or "complementary" now has two
meanings: 1) complementary native molecules (i.e. Ig vs. Ig or vs. Th receptor), and 2) Ig
fragments that in combination with MHC are somehow "complementary" to Th receptors. In this
context we simply conclude that, within the framework of MHC-restriction, idiotypic Th-B
interactions are a viable possibility if they are asymmetric.

MHC-restriction has even more implications. Th cells are activated by B cells by cell to cell
contacts [Kupfer et al. 19861, and not by picking up free antibodies from the circulation. It has even
been shown that Th cells orient the release of lymphokines toward the B cell that presents the antigen
[Kupfer et al., 1987; Poo et al.,1988]. Older empirical reports do indeed describe that Th and B cells
are "monogamous" [Waldmann et al., 1976; Phillips & Waldmann, 1977; Sullman & Feinstein,
1977], i.e. one Th cell interacts with only one B cell. Because each Th cell apparently sees only one B
cell, this means that a high concentration of anti-idiotypic B cells is not necessarily suppressive to Th
cells. We therefore assume that B cells activate Th cells up to a certain maximum; the state of Th
activation cannot decrease if B cells further increase in number. In order to incorporate the
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"monogamous" activation of Th by B cells, the corresponding term (eq. 2') in the model saturates to
both Th and B cells. An increase in Th cells thus requires an equivalent increase in B cells. We
consider networks in which 1) B cell clones recognise each other symmetrically by complementary
matching of Ig, 2) B cells recognise Th receptors, and 3) processed B cell idiotypes are recognised by
Th cells. The idiotypic interactions of B cells again follow the bell-shaped dose response curve. The
other assumptions are the same as above.

Let again aIdBi be the total amount of anti-idiotype for clone Bi; this again consists of
anti-idiotypic B (aIdBBi) and Th (aIdTBi) cells. Th cells again only see B cells (and not each other):
the total amount of anti-idiotype for clone Ti is aIdTj which exclusively consists of aIdBT.i. Let
TaIdBi be the total amount of Th that recognise the Bi idiotype: this is the (weighed) number of Th
cells that provide help for Bi growth and maturation. Thus the growth function GB of the B cells (eq.
1) can remain the same but its helper function H now incorporates TaldBi (eq. 3') instead of aIdTBI
(eq. 3). The growth function GT of the Th cells (eq. 2') no longer incorporates the suppressive term
and saturizes to both T and B cells because of the monogamous interactions:

GT(Ti, aIdTi)
aldTi

G IT + T + aIdTi

Agi + TaIdBi
H(Bi, Agi, TaIdBi )

Thus B cells grow at a rate:

H1 + FoBi + Agi + TaIdBi

(2)

(3)

= SBi - D oBi + P0l3i0GB(Bi, Agi, aldBi)oH(131, Agi, TaIdBi ) (4)

The growth of Th cells (eq. 5) and the removal of antigen (eq. 6) remain equal. In order to compare the
two models (mild and ThMHCId), we also keep the parameters the same.

We first analyse these models in simple low-D situations: a B1 clone interacts with one T2 clone
and/or with one B2 clone. In order to analyse signal percolation along "B-Th-B-Th" and "B-B-B"
pathways (see Fig.1) two situations are respectively distinguised: "Th-B interactions" and "B-B
interactions". For reasons of simplicity, we first omit the affinity of the interactions (i.e. we assume
maximum affinity). Then the equations simplify because in the ThId model aIdBB = B2, aIdTB =
T2, and aldT2 = B1. In the MHC-restricted model aIdBl = B2 + T2, aIdT2 = B1 and TaIdB1 = T2.
See Fig. 1 for explanation. Thus we analyse 2-D to 4-D models consisting of one or two Bi clones
each helped by a Th clone. These models are analysed numerically by GRIND [De Boer, 19831;
GRIND uses the ROW4A integrator [Gottwald & Wanner, 19811. We secondly specify affinity
matrices and analyse 200-D networks using a variable step size Runge-Kutta-Merson integrator
implemented in NAG [1984].

4. Results

Th-B interactions. Consider an idiotypic interaction between the B cell clone Bi and the Th clone T2.
We thus have a 2-D network comparable to those analysed before [Hoffmann, 1979; Gunther &
Hoffmann, 1982; De Boer, 1988; De Boer & Hogeweg, 1989b], except for the fact that here we study
an explicit Th-B interaction. Here we analyse two such Th-B networks: the ThId model (Fig. 2-3) and
the MHC-restricted model (Fig. 4).
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Figure 2. The Th-B interaction in the symmetric Thld model. Fig. 2a shows the B j'=0 and the T2'=0
isoclines. The isoclines intersect in 3 stable equilibria: the virgin state (V), and two immune states for
T2 (IT) and for B1 (1B). The region of Th proliferation (i.e. T2'>0) is dotted, that of B cell
proliferation is striped. The fat line marks the trajectory initiated by the introduction of antigen
(Ag1=10 5 ). The phase portrait (Fig. 2b) shows the basins of attraction of these three equilibria.The
Thld model.

The 0-isoclines of the ThId model (Fig. 2a) are very similar to those of our previous B-B models.
Again we find three stable equilibria: one virgin state (V in the Figure) and two immune states (for T2
(IT) and B1 (IB) respectively). The dynamic analysis, in the absence of antigen (Fig. 2b), shows the
basins of attraction of the three stable equilibria. Most trajectories return to the virgin state. The IT
state attracts somewhat more trajectories than the BT state because B cells require Th cells for both
idiotypic stimulation and helper factors, whereas Th cells require B cells only for idiotypic
stimulation. However, following the introduction of antigen in this system (the thick line in Fig. 2a),
this Th-B network switches to the immune state for the B cells (IB). The B cells recognise antigen and
hence gain a proliferative advantage over the Th clone. In the immune state both the B1 and the T2
clone remain enlarged due to reciprocal stimulation. Because both clones are enlarged, reintroduction
of this antigen in the IB state leads to rapid antigen rejection, i.e. to immunity. Thus this Th-B
network accounts for antigen specific immunological memory. Experimental data have indeed
suggested a role for regulatory T cells in "idiotypic memory" [Kelsoe et al., 1981].

Because the Th-B interaction in the ThId model is so similar to the B-B interaction of our
previous models, we also expect the (nasty) extensive percolation of the previous model to occur in
the present ThId model. Indeed, if we consider a third clone B3 that interacts with T2 in the Ig state, it
is expected to proliferate. If T2 is able to sustain the proliferation of the large (immune) clone B1, it
should also be able to induce proliferation for the few (-10) cells of clone B3. The Th clone T2
provides 1) a strong antigenic (i.e. idiotypic) stimulus for B3, and 2) sufficient help for B3
proliferation. The proliferating B3 can in turn activate an anti-idiotypic T4 clone. Therefore we
conclude that, if we consider "B-Th-B-Th" paths (see Fig. lb) in the ThId network, we again find
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extensive percolation of idiotypic signals. Note that this already occurs if such a network has two
connections per clone (see Fig. lb, and below).

In Fig. 3 we test the sensitivity of these results for the Th parameters, 1) HI: the number of
helper cells required for providing sufficient help, and 2) the onset and offset of Th proliferation (i.e.
G IT and G2T). Fig. 3a shows that if H1 becomes too large (i.e. H1 » 103) B cells fail to
proliferate. In such situations a Th population of about G T=103 cells suffices for providing (half
maximal) idiotypic B cell stimulation, but is insufficient for providing "help" for B cell proliferation.
If H1103, the B1'=0-isocline is independent of H1. H1=100 thus seems a very reasonable choice.
The relation between the onset and offset of Th proliferation (i.e. G IT and G2T) is compared with that
of B cell proliferation (GIB and G2B) in Fig. 3b. We analyse the sensitivity of G IT and G2T with
the Q parameter (Fig. 3b): let G IT be Q0G1B and 02T be Q°G2B (i.e. Q=1 generates our general
model). The Figure shows that both immune states exist if Th and B cell proliferation are sufficiently
similar (i.e. Q=1); Q may vary considerably however. For simplicity reasons we choose for Q=1, i.e.

G1rGIB=103 and G2'31 --2B=M6.

10°
B1

Figure 3. Parameter sensitivity analysis of the Thld model. Fig. 3a shows the B 1'=0 and T2'=0
isoclines as a function of the H1 parameter, i.e the number of helpers required for half maximal help.
The isoclines are insensitive to H1 for 111103 ; an increase of H1 reduces B cell proliferation
whatever the helper density. We choose for H1=100, i.e. B cells easily proliferate. Fig. 3b shows the
effect of changes in the Th bell-shaped dose response curve: G IT is defined as n 40c1B and G2T as
Q cG2B (i.e. Q=1 generates our general model). Here the T2'=0 plane is shaded. Both immune states
exist if Th and B cell proliferation are sufficiently similar (i.e. Q=1); Q may vary considerably
however.

The ThMHCId model. Because the MHC-restricted idiotypic Th-B interaction is asymmetric, we now
have to consider two different situations in two dimensions. In the first (Fig. 4a) the Th clone T2
recognises clone B1; in the second (Fig. 4b) Bi recognises T2. Because Ig fragments presented in
MHC context are expected to be very different from native Ig receptors, Bi and T2 are not expected to
see each other. If the Th clone recognises a B clone, it is perfectly capable of proliferation: Fig. 4a
displays a large region of Th proliferation. However, although the B cell receives help from T2, it
cannot proliferate because it does not receive any antigenic (here idiotypic) stimulus. Thus, the
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Figure 4. The Th-B interaction in the asymmetric MIIC-restricted model. Fig. 4a shows the B1'=0 and
the T2'=0 isoclines of a model in which T2 sees B1; Fig. 4b those of a model in which B I sees T2.
The shading of the respective Th and B cell proliferation regions is the same as that in Fig. I. Both
MIIC-restricted models only have a virgin state. The fat lines are trajectories initiated by antigen (i.e.
Ag1=145).

Figure 5. Static analysis of B-B interactions in 4-D models: B1 and B2 recognise each other. B1 is
helped by T2 and B2 is helped by T3. The Figure shows the B1'=0, the B2'=0, and the T2'=0 isoclines
as a function of 131, B2 and T2; T3 is kept at the virgin state in the Figure (i.e. T3.--10). The Bj'=0
isocline plane is shaded, and the B2'=0 isocline is flat. Fig. 5a displays the 0-isoclines of the Thld
model (in which the Th-B interactions is symmetric). Fig. 5b those of the MIIC-restricted model: the
Th clones recognise (and help) the B cell clones but not vice-versa.
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isoclines intersect in only one equilibrium: the virgin state. If, on the other hand (Fig. 4b), the B cells
recognise the Th clone, we find hardly any interaction. The Ig receptor of the B cells can be activated
by the Th cells (if Th > GIB), but the B cells do not receive help because the T2 cells are not
activated; hence the B cells cannot proliferate.

In both MHC-restrictcd systems, stimulation of the B1 clone with antigen (Ag1) always leads to
B proliferation (because of our implicit Ag-specific helper "cells"). Both systems however fail to
switch to "immune" states because the two clones never stimulate each other reciprocally (i.e. there
are no immune states, Fig. 4). We conclude that 2-D MHC-restricted Th-B interactions cannot account
for immunological memory. The second idiotypic level, here the T2 clone (Fig. 1), can only be
activated if the Th clone sees the B clone (Fig. 4a). And, even if this is the case, Th proliferation is
temporary: the systems return to the virgin state. We conclude that signal percolation along
"B-Th-B-Th" paths remains absent due to the asymmetry: any B3 clone that would recognises such a
proliferating T2 clone cannot respond due to a lack of help (cf. Fig. 4b), and any B3 clone that would
be recognised by this T2 clone cannot proliferate due to a lack of idiotype (cf. Fig. 4a).

We can do the same parameter sensitivity analysis as we did in Fig. 3. Whatever the magnitude of
the H1 or G I T and 02T parameters, we never find any immune state. Furthermore, note that if we
were to abandon our assumption that B cells cannot suppress Th cells, i.e. if we were to use eq. 2
instead of eq. 2', we would only obtain an instable intersect between the T2'=O and the B1'=0
isoclines. Thus, if the Th isocline were to fold back due to a suppressive excess of B cells, this would
not generate an immune state.

We conclude for the two Th-B interaction systems that 1) in the ThId model Th-B idiotypic
interactions are rather similar to the B-B interactions of our previous models, and hence that idiotypic
signals percolate extensively, and 2) that MHC-restricted, i.e. asymmetric, helper interactions fail to
give rise to stable immunity phenomena by mutual stimulation. As a consequence signals do not
percolate at all.

B-B interactions. In order to analyse percolation via "B-B-B" paths (Fig. la) we now consider
situations in which clone B1 interacts with clone B2 (symmetrically for both models), and in which
each B clone is recognised by a Th clone (symmetrically or asymmetrically): B by 12 and B2 by T3
(see Fig. la). We thus analyse 4-D systems with three idiotypic interactions (i.e. one B-B and two
Th-B interactions). These 4-D systems are statically analysed in 3-D state spaces, i.e. the idiotypic
B 1-B2 interaction is analysed as a function of T2 (i.e. help for B1). The dynamic analysis (by
numerical integration) of these systems is performed in the complete 4-D network.

Static analysis. In the symmetric ThId model the B1 clone has two idiotypic interaction partners:
its helper clone T2 and the clone B2 (Fig. 5a); in the asymmetric MHC-restricted model B1 is
recognised by the same two clones (i.e. 12 and B2), but recognises only B2 (Fig. 5b). In the Figure
we have shaded the B1'=0 isocline plane. B1 can only proliferate in response to B2 at sufficiently high
T2 levels. In the ThId system, large 12 populations are suppressive for B1 proliferation (see the
section on Th-B interactions); in Fig. 5b this is not the case (because B1 doesn't recognise T2). The
respective T2'=0 isoclines are identical to those described above: 12 is never influenced by B2. The
most important result from this static analysis is the B2'.0 isocline plane: in both models this
isocline is straight, i.e. is independent of B1 and T2. Because B2 is not being helped by its helper T3
(T3 is virgin, i.e. T3=ST3/13-10 in the Figure), B2 cannot respond anyhow. In the dynamic analysis
this will turn out to be the normal situation.

Dynamic analysis. In Figure 6 we stimulate these systems with antigen. In both systems this
evokes proliferation of the B population (B1 is activated and "helped" by antigen). The expansion of
B1 in turn evokes T2 proliferation. However, in both systems (i.e. Fig. 6a and 6b) B2 fails to respond
to this expansion of B1; B2 is activated (by B i) but is not being helped (by T3). T3 is never activated
by these idiotypic cascades (because B2 fails to respond) and thus remains at the virgin level of
ST3/D. We conclude that due to a lack of help of the second level B cells (i.e. B2) the idiotypic
network reaction remains confined to 1) the B cell clones that respond to antigen, and 2) the Th clones
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that recognise these particular B clones. Thus, whether or not Th-B interactions are MHC-restricted, B
cells of the second idiotypic level fail to proliferate. Considering "B-B" idiotypic interactions, it thus
turns out to be necessary to consider the concomitant activation of helper T cells. Previous theoretical
idiotypic network models have, however, neglected explicit T-B coorperation.

A
Population size Population size

108 106

10

100.0 B2.T3 100 0

12.5 25.0 37.5 50 0
Time (days)

AG 1

132,T3

12 5 25.0 37 5 50 0
Time (days)

Figure 6. Dynamic analysis of B-B interactions in 4-D models, i.e. the immune reaction of these
models to antigen (Ag 1). In both models (Fig. 6a and 6b) the B1 clone proliferates (being helped by
the implicit antigen specific Th) which induces the proliferation of T2. However, B2 and T3 always
remain virgin. In the Thld model (Fig. 6a) the system remains in the immune state described in Fig.
2. The MHC-restricted system (Fig. 6b) cannot account for immunity (see Fig. 4).

In conclusion, the two models differ in the generation of immunity: the symmetric Thld system
remains immune (by means of mutual T2-B1 stimulation, Fig. 6a), the MHC-restricted systems
returns to the virgin state (Fig. 6b). It is important to note that both systems do have attractors in
which the B1 and the B2 are both enlarged (i.e. immune or suppressed). These states are attained if we
start with high T2 and T3 densities. Thus, the fact that B2 and T3 are not being activated by the
idiotypic cascade of Fig. 6 is a dynamic feature of the models. The clones of the second and third level
are perfectly capable of interacting with each other, and thus of switching to different states, but due to
the initial absence of "help" for B2 such interactions fail to develop.

Percolation. The profound idiotypic networks that we have to consider are however combinations
of "B-B" and "Th-B" interactions. Due to the expected randomness of the shapes of idiotypes one
would expect a network topology that is comprised of mixtures of "B-Th-B" and "B-B-B" pathways.
We have concluded above that the ThId and the MHC-restricted model differ only with respect to the
percolation along "B-Th-B" pathways. We will here further analyse this difference in large random
networks of "B-B" and "Th-B" interactions. The general model equations (i.e. eqs. 1-5, and 2'-4')
remain the same, we just have to specify the multiple interactions between the respective clones.
Consider a symmetric matrix "BB" of affinities of the respective B-B interactions. Symmetry means
that BB- .=BB..' B cells clones never recognise themselves (i.e. all BBii=0). Affinity values are drawn

11 J1
randomly from a uniform distribution between zero and one (i.e. 05BB01); see De Boer [1988] and
De Boer & Hogeweg [1989c] for further explanation. In the ThId model, the Th-B interactions are also
symmetric: we additionally need a symmetric matrix "TB" that specifies the affinities of the respective
Th-B interactions (TBiTTBii). Note that, clone Ti and clone Bi can interact, i.e. the TBH values need
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not be zero. In the asymmetric MEC-restricted model we, however, need two matrices for the Th-B
interactions: the matrix "TB" specifies the affinities with which Th cells see B cells, the matrix "BT"
specifies those with which B cells see T cells. In the ThId model we thus obtain the following
expressions:

aIdBBi = BBijoBj, aIdTBi = E TBijoTi, akin = E TBijoBj.
j=1 j=1 j=1

And for the MEC-restricted model we need the following terms:

aIdBBi = BBijoBj, aIdTBi = BTin,
j=1 j=1

aIdTi = E TBijoBj, TaIdBi = E TBjioTi.
j=1

Varying the connectivity of the various affinity matrices, we study networks consisting oi a 100 Th
and a 100 B cell clones (i.e. N=100). We thus analyse networks with an average of one to four B-B
and Th-B interactions per clone (Fig. 7). For reasons of simplicity we keep the connectivity of the TB
and the BT matrix the same (if we would not do this, results would depend on the connectivity of the
matrix that has the least connections). In the virgin state of these 200-D networks we introduce a
random antigen for a period of 25 days (i.e. Agi=105). This triggers the idiotypic cascade. The system
is simulated (by numerical integration) until it settled into an equilibrium. In this equilbrium we score
for each clone whether or not is affected by the percolated idiotypic signal (i.e. we score the number of
virgin clones). This is depicted in Figure 7. See De Boer [1989a] or De Boer & Hogeweg [1989c] for
further explanation of these methods.
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A T B con. =2

T-B con. -3
T B con. -4

250
(/)

0
7.) 150
.c

3 50

I 1 I

1 2 3 4 5

B T-B con. -1-4

250-o
a)

I I I

1 2 3 4 5

B-B connectivity B-B connectivity

Figure 7. Percolation in 200-D networks. As a function of the number of B-B and Th-B interactions
we plot the number of clones that manage to remain virgin (and hence responsive) following antigenic
perturbation of the network. In Thld systems (Fig. 7a) we find extensive percolation whenever the
Th-B connectivity exceeds a certain threshold. In the MHC-restricted systems (Fig. 7b) we never find
any percolation.

The Figure clearly shows the absence of percolation in the MHC-restricted model (Fig. 7b: all 200
clones remain virgin whatever the connectivity). In the ThId model, conversely, signals do percolate
extensively via "B-Th-B" pathways: percolation is largely independent of the BB connectivity but

149

E

E

j=

--e
0

-3 150

(2)3 50

I - -

0 0

.E1

c a

.
on



depends strongly on the TB connectivity. This is in full accordance with the results described above:
due to the absence of helper activation "B-B" topologies cannot become functional. Signals can only
proceed along "B-Th-B" pathways (i.e. in the ThId model). This "B-Th-B" percolation however affects
most of the clones, and is (again) unrealistic [De Boer & Hogeweg, 1989c]. Additionally, it is worth
mentioning that affected Th clones tend to become immune, whereas affected B cell clones tend to end
up suppressed. This was already explained by the basins of attraction displayed in Fig. 2b.

Signals do percolate extensively in the ThId model whenever the TB connectivity exceeds a
threshold level of two connections per clone (see Fig. lb, Fig. 7a). At the threshold (i.e. the T-B
con..2 line) it is a matter of change whether the antigen triggers the largest connected structure (which
explains why this line is so erratic). In our previous B-B networks this connectivity threshold was
located at an average of one connection per clone [De Boer, 1989a, 198%; De Boer & Hogeweg,
1989c]. The threshold is doubled here because connecting two B cell clones (via a Th clone) now
requires two idiotypic connections (see Fig. lb) instead of one direct B-B connection. A connectivity
of two idiotypic interactions per clone is very low [De Boer & Hogeweg, 1989c1: due to random
effects many clones will not be connected to the network at all (and hence require other, i.e.
non-idiotypic, regulatory mechanisms). We thus conclude that profound Thld networks cannot account
for idiotypic memory: most of the clones are affected by the first antigenic triggering of the network
(see Fig. 7a).

Help parameters. Extensive percolation can also be obtained in the MHC-restricted system if we
facilitate B and Th proliferation by assuming that a B cell population can be helped by few (e.g. one:
H1=1) Th cells, and that a Th population needs only few (e.g. G11=1) B cells to proliferate. For such
parameters the B and Th clones always proliferate concomitantly: the B cells are helped (H1 < STA)

10) and the Th cells are stimulated idiotypically (G1T < Sgi/D 10). In fact, such Th-B models
become comparable to our previous B cell models in which we assumed that B cells were always
helped sufficiently. If B cells are always helped, they will activate each other reciprocally, and we find
extensive percolation (via "B-B-B" pathways). Hence we conclude that MHC-restricted Th cells
prohibit idiotypic activation if: 1) the Th population needs to proliferate in order to have a significant
helper effect, and 2) that Th populations do not proliferate in response to virgin (i.e. non proliferated)
anti-idiotypic B cell clones. Both seem reasonable assumptions (we have always considered
proliferative immune reactions); moreover, the latter (i.e. 2) has recently been confirmed [Lassila et
al., 1988].

Discussion.

General conclusion. The role that T-B cooperation plays in the percolation of idiotypic signals has
turned out to depend strongly on the nature of 1) the network topology (i.e. the percolation pathway),
and 2) the helper T cells (i.e. ThId or MHC-restricted). Considering "B-B" topologies, we found that
both types of Th cells prohibit the proliferation of the anti-idiotypic B cells. Such a lack of Th
activation (i.e. of T3 cells) explains why, in experiments, the production of anti-idiotypic antibodies
in response to idiotypic stimulation is generally low. In theoretical idiotypic network models, Th
cells are usually neglected. Because Th activation turns out to be crucially important, results obtained
with those previous models can only be valid for helper-independent "B-B" idiotypic interactions
(provided these exist). Considering "B-Th-B-Th" pathways, we found a crucial difference between
MHC-restricted Th and ThId cells. Due to the asymmetry of MHC-restricted idiotypic interactions,
these "classical" Th cells altogether prohibit percolation of idiotypic signals. Thus, if "B-B" idiotypic
interactions were to depend on MHC-restricted Th activation, we would conclude that idiotypic
networks cannot become functional. And, consequently, that idiotypic network theory should no
longer be viewed as a straightforward implication of the extensive (or even complete) receptor
repertoires Dome 1974, 1984]. If, on the other hand, ThId cells suffice for T-B cooperation, the
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"B-Th-B" topology becomes very important since idiotypic signals percolate extensively along such
pathways.

B-B interactions. In both models idiotypic interactions among B cells fail to become functional.
This leads us to speculate that idiotypic B-B interactions are essentially absent from the many (>107
different clones) "classical" B cells that do indeed depend on helper T cells. We define "classical" B
cells as the B cells that 1) depend on helper T cells, and 2) show a secondary response with 2a )
antigen specific memory, 2b) somatic hypermutation, and 2c) a switch to IgG production. For the
other class of "helper independent" B cells it would, by contrast, be possible to have functional
idiotypic B-B interactions (although these are expected to percolate extensively). Such cells exist; they
only produce IgM and do not account for memory. Because the Ly1+ or CD5+ B cells (that
predominate early in ontogeny) are largely confined to IgM type [Hayakawa et al., 1984; Matter,
1986], and because they are suppossed to emerge before helper T cells emerge [Martinez-A et al.,
1988], they seem reasonable candidates for this helper independent group. Empirical data [Fougereau
& Schiff, 1988] seem to confirm this. Indeed, pronounced idiotypic networks have been described for
this distinct group of B cells [Vakil & Kearny, 1986; Kearny & Vakil, 1986].

Interestingly, these CDS+ B cells are multispecific [Holmberg et al., 1984, 19861, i.e. they
recognise a wide variety of antigens and idiotypes. We demonstrated previously [De Boer, 1988; De
Boer & Hogeweg, 19890 that networks of clones with many idiotypic connections behave totally
different from lowly connected networks. Highly connected systems behave autonomously, i.e.
proliferate in the entire absence of antigens. Secondly, such networks are unresponsive to external
antigens because the clones in such networks are either immune or suppressed: the perturbation that
arises by the antigenic stimulation is usually negligable compared to the strength of the autonomous
idiotypic interactions. Both the autonomous activation [Pereira et al., 1986] and the poor
responsiveness to antigens [Hayakawa et al. 1984] have been described experimentally. With regard to
our present results, these previous results would remain correct, i.e. would correctly describe the
abberant behaviour of such "neonatal" networks, if "early" CD5+ B cells are indeed
helper-independent. Additionally, the present results can now explain how the "classical" B cells
escape from the, seemingly inescapable, influence of this highly connected (neonatal) network. The
classical B cells will not respond to the abundant CDS+ interactions as long as their helpers are not
being activated.

Th-B interaction. In our MHC-restricted model we assume that B cells internalise, process, and
present their surface Ig to helper T cells. In our models we have however ignored the empirical data
that suggest that antigen presentation is only carried out by activated B cells [Krieger et al., 1985].
Since we made an additional and more stringent assumption, i.e. Th cells can only be activated if the
B cells have proliferated, this is not expected to affect the results. It can however easily be
incorporated in the model: the fraction of activated B cells is in fact given by the growth function GB.
Hence the amount of anti idiotypic Bi cells for Ti would become aldTj = BiOGBi instead of simply
B. If it is incorporated, the percolation results remain the same (not shown).

Another complication is the "peptidic self' model proposed by Kourilsky et al. [1987]. These
authors also assume that idiotypes are processed into peptides that are subsequently presented to T
cells. Moreover, they even go one step further: it is assumed that anti-idiotypic B cells that are
crosslinked by idiotypic antibodies internalise these complexes, process them, and hence present both
idiotypic and anti-idiotypic peptides to the T cells. If this were true, it would have important
implications because it would mean that idiotypic and anti-idiotypic B cells can be helped by the same
helper T cells. Thus, with respect to our results, B cells of the second level receive help from the Th
cells that were activated by the first level B cells. Hence the second level B cells are expected to
proliferate. As a consequence, B and Th cells of the third level respond, which, in combination,
activate B cells of the fourth level. We conclude that the "peptidic self' model enhances percolation.

Thld cells. If ThId cells do indeed play an important role in immune systems, this role could be
comparable to that of the CDS+ B cells. Both cells types generate idiotypic networks whereas the
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"classical" B cells and "classical", i.e. MHC-restricted, Th cells do not. It might even be speculated
that the lineage of T cells that uses the y8 receptor (instead of the "classical" c4 3 TcR) accounts for
Thld activity [Janeway, 1988b]. Importantly, it would mean that interactions among "classical" Th
and B cells are always non-idiotypic, and that "specialised" cell types account for "separate" idiotypic
networks. (See Martinez-A et al. [1988] for related speculations). It is possible however that we have
overestimated the role of the ThId cells because in some of the empirical reports is is claimed that
ThId cells require the concomitant action of conventional MHC-restricted Th cells [Becker Dunn et al.,
1986; Janeway, 1988a1 . For our ThId model this would mean that it approximates the MHC-restricted
model because the ThId cells are no longer expected to provide help to anti-idiotypic B cells.

T-T interactions. In our analysis we have only considered idiotypic B-B and Th-B interactions; for
reasons of clarity we have ignored idiotypic T-T interactions. Idiotypic interactions amongst helper T
cells (that we have considered here) are controversial: helper T cells generally fail to express MHC
class II antigens which they might need for the presentation of their idiotypes to each other. However,
recent empirical data [Lider et al. 1988; Ellerman et al. 1988; Sun a al. 1988] suggest that
suppressive idiotypic T-T interaction do play an important immuno- regulatory role. Such suppressive
T-T interactions may also be important for our percolation problem. Additionally, networks of
idiotypic T cell interactions may (again) be different from the Th-B cell networks that we are
critisizing here. Thus this deserves further study: empirical data are needed to substantiate the
occurence of idiotypic T-T interactions (e.g. for the different T cell subsets), theoretical analysis is
needed to pinpoint the possible significance of such interactions for idiotypic immunoregulation.

Our analysis has given a negative answer to our question on the generation of localised network
responses (i.e. of limited percolation) by Th interactions. ThId cells impair the generation of localised
responses because such cells help and activate third party B cell clones. Conversely, MHC-restricted
Th cells reduce the percolation too rigorously: idiotypic interactions altogether fail to become
functional. Idiotypic network theory should therefore no longer be viewed as an "unavoidable idea"
[Jerne, 1984]. We conclude that, if idiotypic interactions are to be functional, the present helper T cell
models fail to solve our problem of "extensive percolation".

The fact that the results enable us to escape from the "unavoidable" network theory might be
important for two reasons. Firstly, no one has yet been able to develop a reasonable high-D idiotypic
network model that actually accounts for the most significant immunological phenomena such as
regulation, immunity, and self non-self discrimination. This might be a matter of time of course;
people have only recently begun to analyse high-D networks [Farmer a al. 1986; Segel & Perelson,
1988; Perelson, 1988; Hoffmann et al., 1988; De Boer, 1988]. Alternatively, however, it might be
intrinsic to the idiotypic network idea: we have previously described a number of problems that arise
in simple, but reasonable, idiotypic network models [De Boer & Hogeweg, 1989c]. Secondly,
immune systems seem perfectly capable of generating these phenomena by interactions at the clonal
level. Many models have described important regulatory and/or memory processes that are either
intrinsic to [Grossman, 1984; De Boer & Hogeweg, 1986, 1987; Kevrekidis, 1988] or can be added to
(in the form of suppression) [Irvine & Savageau, 1985a, 1985b; Kaufman & Thomas, 1987] the
clonally selected expansion of helper (or effector) arms of the immune system.

In conclusion, helper T cells play an essential role in determining whether a topological idiotypic
network can become functional. However, since percolation is either extensive or absent, and cannot
remain limited or localised, we conclude that helper T cell activation is not the putative missing
element that solves the problems that we have with idiotypic network theory [De Boer & Hogeweg,
1989c].
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General Discussion

In this thesis simple (minimal) models of the immune system are analysed. Suppressor cells have
been deliberately omitted from these models. The results presented in Part 1 of this thesis demonstrate
that "clonal selection" systems (that are regulated by helper T cell dynamics) account for important
immuno-informatic phenomena: 1) specific memory (due to: la) long-lived T helper memory cells, or
lb) stable persistence of antigen), 2) tolerance states that are attained in "low zone" and "high zone"
conditions (the former generates the "tumour sneaking through" phenomenon), and 3) self non-self
discrimination. Due to differential accumulation of memory cells, the repertoire of antigen receptors
turns out to be shaped by the repertoire of self antigens. In these "proliferative" immune systems,
excessive proliferation can only be controlled by the availability of antigen. Part 2 of this thesis
pinpoints failures of "idiotypic network" systems (that are regulated by profound networks of idiotypic
interactions amongst B cells): symmetric networks 1) cannot account for proliferation control, and 2)
can account for specific memory (by stable switches to immune states), but if they do, they: 2a)
display "extensive percolation" (which affects most of the clones of the network), 2b) seem
"semi-chaotic", and 2c) become unresponsive to antigen. These network properties crucially hinge
upon the network connectivity: a gradual difference in connectivity accounts for the marked difference
in behaviour that is reported to exist between "neonatal" (IgM) and "mature" networks. Furthermore,
helper T cells determine the conditions for percolation in the network. MHC-restricted helper T cells
may totally abolish the development of a functional idiotypic network.

General conclusion. The comparison made in this thesis between "clonal selection" systems and
"idiotypic network" systems has resulted in a preference for the clonal selection systems. By means of
simple autocatalytic loops and differences in cell life-spans, clonal immune system models readily
account for interesting immunological phenomena. Conversely, models that are minimal
implementations of idiotypic network theory generate unrealistic immune systems as soon as these
reasonable idiotypic interactions are combined into profound (large) networks. Although profound
idiotypic networks seem to be powerful information processing systems, the problem of extensive
percolation has taught us to take a critical view. In conclusion, the results suggest that the
information processing that is required to generate regulation, memory and tolerance, resides at the
level of "clonal selection" and not at the level of "idiotypic networks". Unfortunately, this general
conclusion remains equivocal: it can always be argued that our (simple or fundamental) models are
incomplete. Some putative missing feature of idiotypic network theory might be able to reduce the
percolation. Nevertheless, our "unequivocal" problem of extensive percolation remains an important
result. Firstly, our simple models have been extended, but have failed to solve the percolation
problems. Secondly, our theoretical analysis has, for the first time, emphasised that immune
responses in idiotypic networks fail to remain localised. If, indeed the putative network feature that
reduces the percolation in biotic networks has been omitted in our models, our general conclusion (i.e.
that profound idiotypic networks are unrealistic) might indeed be wrong. Demonstrating the existence
of this putative feature has thus become extremely important and would prove the incompleteness of
our present models and of the present idiotypic network theory [Jerne, 1974,1984].

Apart from this general conclusion, a number of more specific findings have been reported in this
thesis. The discussion of these findings will gradually move from the topic of "clonal selection" to
that of "idiotypic networks". The discussion on immunological memory will bridge these two
sections. In the final paragraphs, the discussion will return to the general question of "information
processing", and will turn to speculation on possible future extensions of the present approach.

Peripheral helper tolerance. Recent empirical data have demonstrated important features of
peripheral helper T cell tolerization [Lamb et al. 1983; Jenkins & Schwartz, 1987; Jenkins et al.
1987a, 1987b; Quill & Schwartz, 1987]. These data suggest that exposure of helper T cells to antigen
(or related stimuli) in the absence of the additional signals that are required for full helper T cell
activation induces a long lasting (> 1 week) state of unresponsiveness. Such unresponsive cells
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remain viable and remain responsive to IL2 (they express the IL2 receptor), but fail to produce IL2.
This phenomenon has been given a molecular basis in terms of a rise in intracellular calcium in the
absence of a mitogenic stimulus [Jenkins et al. 1987]. Thus the proliferative unresponsiveness of
these cells resides in their own failure to produce IL2. Although the unresponsiveness is not due to a
paucity of IL2 (which we report in this thesis), these findings support our view regarding the
significance of peripheral tolerance processes. Furthermore, unresponsiveness is intrinsic to the mode
of helper T cell activation, and is not due to any "third party" suppressor cell type.

The weakness of the peripheral processes that we have proposed is however that, in their present
simple form they can only play a role for a relatively restricted range of virgin precursor influx (i.e.
antigenicity) values. Conversely, the powerful idea behind memory accumulation and precursor
depletion is that these processes are intrinsic to the normal process of helper proliferation and
(memory) precursor dynamics. Since peripheral expansion (i.e. proliferation) of T cell clones seems to
play a very important role in the selection of T cell repertoires [Martinez et al., 1988], these intrinsic
regulatory properties of helper proliferation and (memory) precursor dynamics seem to be equally
important.

Tolerance in the thymus. Other recent empirical results have, conversely, emphasised the role of
the thymus in the generation of self tolerance. Ramarli et al. [1987] show that activation of
thymocytes (by T3-Ti crosslinking) rapidly inhibits T11-induced IL2 gene transcription and
translation. This inhibition is restricted to the IL2 gene: "transcription of both the IL2 receptor gene
and the Ti b-chain gene are not affected" [Ramarli et al. 1987]. This suggests that helper T cells that
recognise self antigens during their development in the thymus switch off the 1L2 gene, which would
disable them from proliferation. Additionally (and conversely, see below), tracking the gene segment
usage of the T lymphocyte receptor 13-chain has provided strong evidence of clonal elimination of T
cells that recognise antigen (MHC or Mls) within the micro-environment of the thymus [Kappler et
al., 1987; Kappler et al., 1988; MacDonald et al., 1988; Kisielow et al., 1988]. Note that the
above-mentioned Ramarli et al. [1987] data suggested a process of "clonal anergy", whereas the other
data suggest "clonal deletion" processes. In conclusion these empirical data, which have appeared since
the publication of our findings (namely that self non-self discrimination can be accounted for by the
peripheral processes of "precursor depletion" and/or "memory accumulation" (Chapter 1.3)), all
suggest strongly that self tolerance is generated in the thymus.

The generation of self tolerance in the thymus, however, requires the full repertoire of self
antigens (Cohn [1987] estimates the number of self antigens to be 104) to be expressed within the
micro-environment of the thymus. Intrathymic presentation of circulating (i.e. soluble) antigens has
indeed been proved [Kyewski et al., 1986]. However, whether or not all non-circulating self antigens
are also expressed in the thymus remains to be established. Because the antigens in the thymus are
presented by migratory cell types (e.g. cortical macrophages and medullary dentritic cells) that are
replaced rapidly [Kyewski et al., 19861, it is conceivable that these cells do indeed pick up the
peripheral self antigens. Moreover, the fact that aberrant expression of class II MHC molecules (that
are required for helper T cell activation) plays such an important role in auto-immunity [Bottazzo et
al., 1986] suggests that part of the (104) self antigens are normally not presented to the helper T cells,
and, therefore, do not require intrathymic tolerization.

In conclusion, self non-self discrimination seems to be the result of intrathymic clonal deletion,
of peripheral MHC class II expression and of peripheral selection of T cell repertoires. This thesis has
demonstrated that intrinsic properties of helper proliferation contribute significantly to the latter
selection process.

Suppressor T cells. Gershon & Kondo [1971] originally defined suppressor T cells by functional
assays. Later, suppressor T cells were found to be characterised by specific markers such as the I-J,
Ly-2 and Qa antigens. By means of these markers, suppressor sub-populations, involving inducers,
transducers and effectors, were identified [Green et al., 1983; Dorf and Benacerraf, 1984]. Moreover
these sub-populations were combined into complex immunoregulatory pathways involving
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suppression and contrasuppression circuits at two levels [Green et al., 1983]. These schemes have
attracted mathematical modelling [Irvine & Savageau, 1985a, 1985b]. The specific markers, however,
lost their significance when it was found that they could not be mapped in the MHC region (i.e. for
I-J [Kronenberg et al., 1983]) and/or they were not specific for suppressor T cells. Furthermore, it was
generally found that, in contrast to helper and cytotoxic T cells, suppressor T cells could hardly be
cloned and hardly be kept in continuous culture (see however Takeuchi et al. [1988]). These
controversies culminated in debates on the existence of a separate lineage of suppressor T cells.

The viewpoint that we have adopted in this thesis ("we try to do without suppression") originated
in the simplification of the Grossman & Berke [1980] model (see Chapter 1.1). We demonstrated that
the elimination of suppressive blocking factors did not affect the results. Surprisingly, similar results
were obtained with the more vigorous proliferative immune systems (Chapter 1.2); this subsequently
resulted in self non-self discrimination in the total absence of suppressive mechanisms (Chapter 1.3).
Our results thus support the controversial notion that the importance of suppressor T cells is
generally overestimated. Additionally, Part 2 of this thesis demonstrates that a network of idiotypic
interactions is also a poor candidate for generating suppression (i.e. regulation) of ongoing
proliferation. Without participating in the debate on the existence of suppressor T cells, this thesis
contributes to this controversy by demonstrating that, in order to generate the phenomena that we
have studied, immune systems can do without such a separate lineage of cells.

Memory. In this thesis immunological memory is generated by three different processes: 1)
persistence of antigen in a stable "dormancy" equilibrium (Chapter 1.2; 1.3; 2.1), 2) long-lived
memory cells (Chapter 1.3), and 3) idiotypic network switches to "immune" states (Part 2). It is
possible to find empirical support for each of these processes (this is usual in immunology). First,
persistence of antigen is certainly the most simple explanation for antigen specific immunity; it is
thought to be important in virus infections [Bellanti, 1985]. Additionally, Gray [in press]
demonstrates that persistence of antigen is required for B cell immunity. The (second) idea of
long-lived memory cells is already old; see e.g. Sercarz & Coons [1962]. Recent data on B
lymphocyte life-spans do indeed show that these cells are separated into a short-lived (< one day) and a
long-lived (> weeks) class [Freitas et al., 1986a1. In addition, Jerne [1984] argues that "memory" cells
live for years. However, Freitas et al. [1986b] argue that the constantly small number of long-lived
cells that they find is insufficient to account for a complete memory of previous antigenic exposures.
Thirdly, Vakil & Kearny [1986] report state switches in idiotypic networks which correspond with
immunity or with suppression. Bernabe et al. [1981] also report stable state switches based on
differences in population sizes. Furthermore, examples of possible memory mechanisms that were
excluded from this thesis are: 4) affinity maturation [Rajewski et al., 1987], and 5) the development of
efficient, i.e. specific, antigen presentation by B cells [Lanzavecchia, 1985, 1987]. In conclusion, it
can be said that the very simple and striking phenomenon of antigen specific immunity, which has
been applied since 1798 [Jenner, 1798] for the purpose of vaccination, is not yet understood by
modern immunology. This thesis contributes to our understanding of the memory phenomenon in
that it suggests the possible significance of long-lived helper T cells and questions the importance of
idiotypic memory.

Idiotypic interactions. In this thesis (i.e. Part 2) we question the validity of the idea that immune
systems function by means of properties (such as homeostasis [Jerne, 19741) that are generated by
profound networks of idiotypic interactions (i.e. networks reminiscent of neural networks). Idiotypic
interactions arranged in couples or small circuits (Chapter 2.1), however, are not included in this
critique. Idiotypic network theory was however formulated on the basis of a "complete" repertoire of
antigen receptors [Jerne, 1974, 1984]. According to such reasoning, it seems impossible that idiotypic
interactions do not form profound networks, i.e. do remain confined to small circuits. However, the
existence of simple circuits is suggested by numerous experimental data. Jerne [1984] reviews data
that suggest that antibodies have "favoured complementary partners"; he also argues that this implies
that mutual idiotypic recognition is different from the recognition of antigen. Experiments [Wikler et
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al., 1979; Bona et al., 1981] suggest a restricted nature of idiotypic responses: it is generally found
that Ab3 is similar (or identical) to Abl (and so on for AM, etc.). This leads to the concept of
"regulatory idiotypes", by which the network is viewed as "a collection of many 'mini-networks' "
[Paul & Bona, 1982]. Bottom ly [1984] argues that germ line encoded idiotypes and idiotype specific
helper T cells (Chapter 2.3) generate "Orwellian" inequalities amongst idiotypes. Urbain's [1986]
"Broken Mirror Hypothesis" also views the idiotypic network as a collection of (selected) idiotype
pairs. (Note that contradictory experiments that demonstrate high idiotypic connectivity were all
conducted with young mice; they will be discussed below under "IgM networks"). Thus, the
experimental data from "mature" (classical) immune systems seem to support our conclusion that the
immune system does not function as a profound idiotypic network. If this is true, however, we should
no longer use the collective term "network" for these "confined" idiotypic interactions.

Recent empirical data draw attention to the possible significance of idiotypic interactions amongst
T cells (i.e. T-T interactions). In this thesis only B-B and T-B interactions are considered. The data
show that anti-idiotypic suppressor [Lider et al., 1988; Ellerman et al., 1988] or cytotoxic [Sun et al.,
1988] T cells prohibit the development of experimental auto-immunity; the anti-idiotypic response is
directed against the helper T cells. Because these suppressor T cells can be maintained in culture, this
gives new credit to the idea of a lineage of suppressor T cells. In order to develop theoretical models of
T-T interactions several questions need to be answered or investigated: 1) are T-T interactions MHC
restricted (compare the ThId cells in Chapter 2.3; see Janeway [19881), and if they are, 2) do helper T
cells express sufficient class II MHC to allow for helper-helper interactions, 3) can the suppressor
function and phenotype of the anti-idiotypic T cells be a consequence of the idiotypic interaction, and
4) do we expect profound T-T networks or small T-T circuits?

IgM networks. Idiotypic network theory however seems to be applicable to the experimental data
derived from young, i.e. developing, immune systems [Holmberg et al., 1984; 1986; Vakil &
Kearny, 1986; Vakil et al., 1986; Pereira et al., 19861. These data demonstrate that these "neonatal"
networks are of the IgM type, are highly connected, and display autonomous activity. Other data
suggest that B cells from the early repertoire form a separate lineage of cells (characterised by the Ly-1
marker), producing IgM antibodies that are autoreactive [Hayakawa et al., 1984]. Kearny & Vakil
[1986] describe "paper networks" of monoclonal antibodies with a depth of several idiotypic levels. In
conclusion, if profound network properties are to play a role in immunology, then they do so in these
IgM networks. With the results of this thesis, it can be predicted that, due to the high connectivity,
these neonatal networks will: be unresponsive to external antigens, behave autonomously and
semi-chaotically. Analysing the functioning of the immune system would thus require a division into
"neonatal network properties" and "classical clonal systems", and, equally important, would require the
identification of the mechanism by which the mature clonal selection systems escape from the
influence of the early IgM network.

Future work. The first straightforward extension of the present research is the development of a
reaction-diffusion model of helper T cell proliferation. Chapter 1.4 pinpointed the rate of IL2 diffusion
(and turnover) as a crucial unknown parameter. Moreover, the paucity of IL2 in the
micro-environment of a helper cell that produces IL2 is the strangest counter-intuitive implication of
the helper proliferation models. This notion can directly be analysed by means of diffusion processes.
Interestingly, recent experimental data suggest that lymphokines are secreted directionally [Poo et al.,
1988]; and not randomly as implied by diffusion models. Such situations can be analysed elegantly by
means of "individual oriented modelling" [Hogeweg & Hesper, 1985; Hogeweg, 1988].

A second straightforward extension is the incorporation of suppressor (T) cells in the idiotypic
network. Because the importance of suppressive idiotypic interactions has gained empirical support
(see above), it seems worthwhile investigating whether suppressive interactions can reduce the
percolation of idiotypic signals. Another line of further analysis would be to accept the percolation in
order to investigate the role of extensive idiotypic activation (probably initiated by self antigens) in
the development of the early repertoire (and possibly self non-self discrimination). Alterations in the
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early B cell repertoire are known to influence the mature repertoire [Vakil et al., 1986; Vakil &
Kearny, 1986; Kearny & Vakil, 1986]. B cells also participate in the selection of the T cell repertoire,
and, recursively, T cells in the selection of the B cell repertoire [Marcos et al., 1988; Martinez-A a
al., 1988 ].

A new and largely unexplored area for theoretical models for immunoregulation is antigen
presentation. The dynamics of antigen presentation might reveal important immunoregulatory
processes. B cells specifically pick up antigen which is subsequently presented to the helper T cell.
This specific process is more than a thousand times more efficient than the non-specific presentation
by e.g. macrophages [Lanzavecchia, 1985, 1987]. Part of the B cells naturally produce (IgM)
antibodies (perhaps mainly Lyl B cells and/or B cells participating in the IgM network). These may
form complexes with antigen and facilitate the presentation of these antigens because such antibodies
are picked up by the macrophage Fc receptor [Chestnut & Grey, 1986]. Therefore, antigen
presentation provides a link between B cell networks (that generate a particular repertoire of circulating
antibodies) and the clonal T cell responses. Moreover, once initiated, the (efficient) process of specific
antigen presentation is autocatalytic, i.e. helper T and B cells mutually stimulate each other. Because
of its high efficiency, this non-linear process probably accounts for important regulatory features, i.e.
for complex immunological information processing. The role that these non-linear processes play in
generating immunoregulation can only be clarified by further theoretical analysis.
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Summary

Immune systems are able to respond specifically to a seemlingly endless series of antigens (i.e.
specificity), to memorize previously encountered exposures to antigens (i.e. immunity), and to
discriminate between self antigens (molecules within the organism) and non-self antigens (foreign
molecules). This complex behaviour demonstrates that immune systems have powerful information
processing properties. Although a vast amount of empirical data is available on the cellular and
molecular interactions that make up the immune system, we are only at the beginning to understand
how these interactions process the information, and how they generate this complex behaviour.

In this thesis we focus on the characteristic phenomena of regulation, immunity, and
self-tolerance. In mathematical models that are composed of empirically established interactions, we
investigate which interactions are specifically important for these phenomena. The main objective in
this thesis is to compare two "opposite" images of the immune system. Firstly (in Part 1), we
develop models of "clonal selection" systems, i.e. systems comprised of clones which are stimulated
(selected) by antigens. Secondly (in Part 2), we develop "idiotypic network" systems, i.e. profound
networks composed of idiotypic interactions between receptors. Our aim is to ascertain which of these
two schemes has the most powerful information processing properties.

The "clonal selection" systems consist of clones that all respond to antigen, that are composed of
various activation stages with different life-spans, and that influence the proliferation rate by the
production of growth factors. The "idiotypic network" systems consist of clones that respond to
antigen and to each other, and that influence each other's proliferation rate via networks of idiotypic
interactions. Two features common to all models in this thesis are: specialised suppressor cells are
omitted, and it is necessary for lymphocytes to proliferate for a significant effect to be achieved. Since
a number of important immunological phenomena are produced in the absence of suppression, we
conclude that suppressor cells are not a prerequisite for the production of these immune-system
properties. Conversely, the process of proliferation is found to contribute significantly to the
information processing of our model immune systems.

Because of their similarity with neural networks, one might well expect profound networks of
idiotypic interactions to be very powerful information processing systems. This thesis however
suggests that the converse is true. The phenomena of memory and tolerance can easily be produced by
clonal selection systems, but fail to occur in the idiotypic networks that we develop.

Part 1. Clonal selection systems.

Chapter 1.1 describes the simplification of a model for the tumour sneaking through phenomenon,
i.e. a form of low zone tolerance. Tumours can here be generalised as "growing antigens". The
simplification of this model pinpoints the crucial importance of the life-spans of cells and the relative
insignificance of suppressive phenomena (here shedding of antigen). We show that the counteracting
feedback loops (i.e. memory accumulation and antigen shedding) of the original, unsimplified model
do not play the presupposed essential role in the generation of sneaking through. Depletion of
long-lived precursor cells by slow antigenic activation is sufficient to produce tolerance in these
"precursor bound" immune systems.

Chapter 1.2 continues with the analysis of the sneaking through phenomenon in "proliferative"
immune systems. In proliferative systems lymphocytes ma) grow indefinitely by repeated
proliferation. In precursor bound systems proliferation occurs "once only", i.e. cells that have
proliferated do not continue to do so. Tolerance, here sneaking through, thus seems far less likely to
occur in proliferative systems. Lymphocytes (helper T and cytotoxic T cells) at the effector-stage were
made short-lived because the short life-span of effector cells played such an essential role in the
precursor bound system, and because empirical data confirm this. Previous results which pinpointed
helper T cells as the ones which play the most essential part in these immune systems are first
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repeated. Focusing on short-lived helper T cells we do find sneaking through in these proliferative
immune systems. This "tolerance phenomenon" is caused by a proliferation threshold in the autocrine
(autocatalytic) helper T cell proliferation process, and by the slow replacement of long-lived precursors
by short-lived helper effectors (i.e. precursor depletion). A parameter sensitivity analysis shows that
the presence of a proliferation threshold depends on the proliferation parameters and on the influx of
helper precursor cells (i.e. the antigenicity). Tumours that are more antigenic fail to evoke tolerance,
but can remain present in an equilibrium between a limited immune response and a small tumour
inoculum. If the influx of helper precursors declines slowly (e.g. due to ageing) the tumour suddenly
evokes tolerance and initiates explosive growth without any external triggering.

In Chapter 1.3 these tolerance results are applied to the problem of self non-self discrimination.
The antigens considered here are either "self' or "non-self' (like any tissue they grow up to a certain
maximum). We now consider helper T cells only and assume that the cytotoxic response is
proportional to this helper reponse. The clonal selection model is thus reduced to that of one clone of
helper T cells only. The T cell clone consists of three sub-populations: virgin precursor cells,
memory precursor cells, and effector cells. Self and non-self antigens differ with respect to the number
of precursor cells (memory and/or virgin) they accumulate during the neonatal development of the
immune system. By activation, self antigens deplete long-lived precursors and/or fail to accumulate
long-lived memory memory cells. Due to this shortage of precursor cells, the system remains below
the proliferation threshold, i.e. proliferation cannot start. This accounts for self-tolerance. Conversely,
clones with a low affmity to self antigens retain their virgin precursor cells; moreover, these clones
can even increase by accumulating long-lived memory cells that are generated by the low affinity
interactions with the self-environment. Immunity can readily be accounted for by the persistence of
long-lived memory cells.

In Chapter 1.4 it is shown that there is no essential change in the proliferation threshold if the
parameters of the model are derived directly from in vitro experiments. In addition, the model is
simplified: the Chapter describes our simplest (i.e. most minimal) model of helper T cell
proliferation.

The chapters in Part 1, in combination, form a minimalization series. We conclude that in clonal
selection models the combination of autocrine helper T cell proliferation and transitions between
stages of activation that have different life-spans generates sufficient "information processing" to
account for immunity and self-tolerance.

Part 2. Idiotypic networks systems.

Chapter 2.1 describes a new idiotypic network model. The model incorporates clones of B cells that
differ only with respect to their antigen receptor, i.e. their idiotype. Thus, the "helper" or "suppressor"
phenotypes are ignored. Moreover, the model is symmetric, i.e. incorporates mutual recognition. It is
shown that the conventional "escape from suppression" assumption (namely that idiotypic
interactions are suppressive in the virgin state) fails to generate immunological memory and
proliferation regulation. Our model however incorporates the assumption that small populations of
idiotype fail to initiate an idiotypic interaction, that populations of an intermediate size sustain
stimulatory interactions, and that large populations are suppressive. It is shown that such a model can
easily account for specific memory by switching from a virgin state to a stable immune state. The
network cannot account for proliferation regulation however: an idiotypic clone that proliferates
suppresses its anti-idiotypic suppressors long before these can become suppressive. Thus suppressive
interactions cannot play a role in this model. Hence, idiotypic interactions are not expected to account
for tolerance phenomena.

In Chapter 2.2 the suppressive interactions of this network are omitted. The cells now activate
each other following a conventional bell-shaped dose response curve. This simplified model is now
analysed as a high-dimensional network, i.e. one consisting of 100 B cell clones. Such a network
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again fails to account for proliferation control. Moreover, if the network has to account for memory,

i.e. if it has to induce state switches, such switches involve most of the clones of the network. Thus
the idiotypic activation signal percolates deeply into the network and affects most of the network
clones. As a consequence, the network becomes unresponsive to novel antigens. This unreasonable
result however hinges on the very reasonable assumption that it should be easier to activate all cells
of a small clone than to sustain the activation of all cells of a large clone. An attempt to solve this

"extensive percolation" problem was made by incorporating "long-range inhibition" and "long-lived
antibodies". Both however impair the model behaviour. In conclusion, straightforward implementation

of idiotypic network theory implies unreasonable system behaviour.
Chapter 2.3 describes an idiotypic network model that incorporates B cells which need to be

helped by T helper cells (Th). By this model an attempt is made to solve the "extensive percolation"
problem. Two different models are analysed: a symmetric "ThId" model in which Th receptors and B

cell receptors are complementary, and an asymmetric model of "MHC-restricted" recognition of B cell

idiotypes. In both models, B-B idiotypic interactions cannot become functional because the
anti-idiotypic B cells are not being helped by their Th cells. These Th fail to become activated by the

idiotypic cascade. Because B-B idiotypic interactions are non-functional, i.e. B cells fail to activate
each other, the problem of "B-B-B" percolation has become obsolete. In the MHC-restricted model,
Th-B idiotypic interactions also remain non-functional. MHC-restricted helper interactions thus
prevent idiotypic interactions from becoming functional. This is however different for "B-Th-B"
topologies in the ThId model. Due to the mutual (i.e. symmetric) Th-B recognition in the ThId model

Th and B cells stimulate each other reciprocally, and idiotypic signals percolate extensively (i.e.
"unrealistically") via "B-Th-B" pathways. In conclusion, network interactions are either non-functional
(due to MHC-restricted interactions); or, if they are functional, they give rise to "unrealistic" extensive

percolation.

The comparison of clonal selection versus idiotypic network systems has revealed a strikingdifference

in the behaviour of the two systems. Simple clonal selection systems readily account for immunity
and self non-self discrimination. If however, the seemlingly powerful, profound idiotypic network

systems are to account for immunity, then they are found to behave unreasonably. This behaviour
includes extensive percolation, semi-chaos, and general unresponsiveness. In conclusion, with respect
to the phenomena of memory and tolerance, information processing in "clonal selection" systems
seems to be superior.
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Korte Samenvatting

Immuunsystemen reageren op een schijnbaar onuitputtelijk repertoir van verschillende antigenen
(specificiteit), onthouden welke antigenen zij al eerder gezien hebben (immuniteit), en onderscheiden
tussen "zelf-antigenen" (lichaamseigen moleculen) en "niet-zelf antigenen" (lichaamsvreemde
moleculen). Dit complexe gedrag toont aan dat het immuunsysteem over krachtige
informatieverwerkende eigenschappen bcschikt. Hoewel er zeer veel empirische gegevens zijn over de
cellulaire en moleculaire interacties waaruit immuunsystemen zijn opgebouwd, wordt nog niet
begrepen hoe deze interacties de informatie verwerken en hoe zij dit complexe gedrag kunnen
opleveren.

In dit proefschrift concentreren wij ons op de, voor immuunsystemen zo karakteristieke,
fenomenen van regulatie, immuniteit, en tolerantie. In wiskundige modellen die zijn samengesteld uit
empirisch vastgestelde interacties, onderzoeken wij welke interacties specifiek verantwoordelijk zijn
voor deze fenomenen. Het algemene thema van dit proefschrift is de vergelijking van twee
"tegengestelde" gezichtspunten van het immuunsysteem. Enerzijds (in deel 1) ontwikkelen we
modellen van "klonale selectie"-systemen, d.w.z. systemen samengesteld uit klonen van lymfocyten
die gestimuleerd (geselecteerd) worden door antigenen. Anderzijds (in deel 2) ontwikkelen we
"idiotypische netwerk"-systemen, d.wz. grote netwerken samengesteld uit idiotypische (d.w.z.
receptor-receptor) interacties. Centraal staat de vraag welke van deze twee schemas de krachtigste
informatieverwerkende eigenschappen heck

De "klonale selectie"-systemen bestaan uit klonen die reageren op antigeen, die zijn samengesteld
uit een aantal activatiestadia met een verschillende levensduur, en die elkaars groeisnelheid beInvloeden
door productie van groeifactoren. De "idiotypische netwerk"-systemen bestaan uit klonen die reageren
op antigeen en op elkaar, en die elkaars groeisnelheid beInvloeden door netwerken van idiotypische
interacties. Twee bclangrijke overeenkomsten tussen alle modellen in dit proefschrift zijn dat
gespecialeerde suppressor-cellen ontbreken, en dat lymfocyt populaties moeten prolifercren alvorens zij
effect kunnen uitoefenen. Ondanks het feit dat suppressie ontbreekt, kunnen sommige modellen een
aantal belangrijke immunologische fenomenen opleveren. Wij concluderen dat gespecialiseerde
suppressor-cellen niet noodzakelijk zijn voor deze eigenschappen van immuunsystemen. Het
proliferatieproces daarentegen blijkt een essentiele bijdrage te leveren aan de "informatieverwerking"
van onze model-immuunsystemen.

Wegens de overeenkomsten met neuronale netwerken lijken grote idiotypische netwerken zeer
krachtige informatie verwerkende systemen. Dit proefschrift suggereert echter het tegenovergestelde.
De fenomenen immuniteit en tolerantie kunnen eenvoudig worden opgeleverd in klonale
selectie-systemen, maar treden niet op in de idiotypische netwerken die wij ontwikkelen.
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