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ABSTRACT

The immune system is a complex system of over 10 billion components that performs pattern recognition
and learning. It develops and maintains a memory of the pathogens it has encountered which improves
its response when exposed to similar pathogens in the future. This paper presents a model of the
immune system which exhibits the emergent phenomena of immunological memory using a minimal set
of biological learning strategies in a homeostatic system. The accuracy and performance of the model's
ability to recognize and respond to pathogens is explored through simulation. Applications to current
problems in security and survivability are considered. The implementation is developed using the
Emergent Algorithm Simulation Environment and Language (Easel), a tool for research in unbounded
systems developed by the Software Engineering Institute at Carnegie Mellon University.
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1 Introduction

Like the very event it is designed to combat, immunological learning has the characteristics and dynamics of an
epidemic. The immune system learns when the antibody repertoire undergoes rapid differentiation and selection so
that the population of antibodies displaying higher antigen affinity increases to overwhelm both the invading
pathogen and antibodies with less specificity. The immune system remembers when a small population of surviving
high affinity antibodies rapidly increases in response to secondary encounters with the same pathogen.

In both these situations, the immune system reaches a tipping point, a point beyond which it careens exponentially
and inevitably toward an immune response. It’s a matter of winning the numbers game. Immunological learning is
the critical ability to recognize and respond quickly to a previously encountered antigen. If the response comes swift
enough and in sufficient numbers, then the pathogen is vanquished before harm is done.

The focus of this paper is modeling the processes by which high-affinity antibodies are generated and selected, and
low-affinity antibodies eliminated or modified in a homeostatic system. The approach is one of achieving immune
learning and memory as an emergent property of local cellular interactions. This is in contrast to purely stochastic
models, such as [15], which attempt to explain how the global immune response behaves without concern about how
it arises. It is also unlike models which employ evolutionary algorithms such as [3] where the emphasis is on the
result, not the mechanism. The model developed here seeks instead to create a response through the properties and
bounded interactions of its components, an approach similar to [10] but with less emphasis on biological fidelity. It
is hoped the resulting model will provide a basis for further research on the design of effective emergent algorithms.

1.1 Overview of the Immune System

The immune system is a complex adaptive system of over 10'> components which defend the self against foreign
non-self invaders. An antigen is any substance capable of inducing an immune response and is typically a foreign
protein belonging to a pathogen such as a virus or bacterium. These proteins are recognized by antibodies on B-
cells and on the functionally equivalent receptors on T-cells. The part of the antigen recognized by an antibody is
known as an epitope. Depending on the size of the antigen, there may be many epitopes recognized by different
antibodies. This improves the likelihood of an effective immune response.

Antibody protein structure consists of four polypeptide chains with variable and constant portions. The variable
portions bind with a specific epitope. When an antibody binds with an antigen, the complex is recognized by
phagocytes through the constant portion of the antibodies and targeted for elimination. Successful binding is
therefore central to the removal antigens.

There are two immune responses when proteins are recognized, one from the innate immune system and one from
the adaptive immune system. The innate immune system does not recognize all possible antigens. Instead, it has
evolved antibodies which bind with common pathogen molecular patterns such as those present in most bacteria and
viruses. This innate protection provides an immediate response against an invader, even if it has not been
encountered before.

The adaptive immune system consists of two related components, the humoral system and cellular system. The
cellular system defends against intracellular pathogens by detecting antigen fragments on the surface of infected
cells and triggering an immune response against these cells. It differs from the humoral system primarily in the way
antigens are detected and in the cells that mediate the response, but is functionally similar to the humoral system
which responds to extracellular pathogens. The humoral immune response is an interplay of stimulation of B-cells
by T-cells which results in the proliferation and differentiation of antibodies with higher specificity for an antigen.

When an antibody on the surface of a B-cell successfully binds to an antigen, the B-cell ingests the antigen and
presents processed fragments on its surface. These fragments are detected by receptors on T-cells which are
stimulated to divide and produce lymphokines. It is the presence of this second signal from T-cells which causes
antigen-presenting B-cells to divide, a process known as clonal reproduction. The new clones develop into either
plasma or, less frequently, memory cells. Plasma cells are short-lived cells which produce large quantities of
identical antibodies which bind with antigens and allow them to be eliminated by phagocytes. Memory cells live up
to 30 years and allow the immune system to quickly respond to the same antigen in the future.
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When a memory cell binds with its specific antigen, it behaves similar to an antigen-presenting B-cell: it undergoes
clonal reproduction into plasma or new memory cells. In addition, memory cells also refine antibody affinity
through somatic hypermutation. The new B-cells experience mutations at rates much higher than normal, about one
mutation in every 1.5 cell divisions. These mutations are random and may result in an antibody with higher affinity
for the antigen. B-cells bearing these higher-affinity antibodies will be stimulated to reproduce as described above.
This process of selection in a secondary response by memory cells develops and expands populations of antibodies
with higher affinities. The characteristic primary and secondary response is illustrated in Figure 1-1.

It is possible for mutated B-cells to bind with the body’s own cells. The immune system avoids an autoimmune
response by filtering T-cells that react with self. T-cells are initially inactive. They must first pass through the
thymus where they are checked for reactivity against self. Those that bind with self proteins are destroyed; all
others are allowed to emerge as active T-cells. A B-cell that binds with self will not receive a second signal from a
T-cell and therefore not be stimulated to reproduce or generate self-reactive antibodies.

The adaptive humoral system is the basis of immunological memory. The initial immune response takes a
significant amount of time to generate antibodies after exposure to an antigen, but the second exposure elicits a
much faster response and generates much higher levels of antibodies with better affinity.

1.2 The Easel Environment

Easel is a discrete event modeling language and simulation environment with limited support for continuous
variables. It can be used to simulate systems with large numbers of interacting actors that have limited global
knowledge. Such unbounded systems are the domain of emergent algorithms. Emergent algorithms achieve desired
global effects through local interactions with a bounded number of immediate neighbors and without centralized
control or global visibility [5]. The model developed here is designed to produce immunological learning as an
emergent property of the local interactions of immune cells.

The model also shares other properties characteristic of emergent algorithms. It is holographic: no single component
is essential to the operation of the system. The immune system continues to provide defense despite imperfect
detection, faulty behavior or even catastrophic failure of a large functional. It is homeostatic: there are many
regulatory interactions and co-stimulation mechanisms that provide negative and positive feedback which keeps the
system in a state of dynamic equilibrium, one that “lies at the edge of chaos” as Langton describes such systems
[16].
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2 Design of an Immunological Model

Model construction consists of identifying those properties and processes that are considered essential to achieving
immunological learning and memory. This may not be known a priori which is why any model must be subject to
validation through experimentation. However, it is important that a reasonable set of properties and processes be
chosen as a starting point for the model. The following design requirements identify the properties and processes
considered necessary for this model.

e  Specify the logical and computational structure of antibodies and antigens.

e  Specify the measure of binding affinity between antibodies and antigens.

e  Specify the process of determining successful binding among competing antibodies.
e  Specify the properties and behavior of B-cells including stages and lifetime.

e  Specify the process of producing a minimally complete antibody repertoire.

e  Specify the process and conditions of clonal reproduction and selection.

e  Specify the process of hypermutation and affinity maturation.

e  Specify the processes which regulate the immune response and maintain homeostasis.

This forms the basis of an immunological model of learning and memory. There are properties and processes
expressly not included that are nonetheless necessary for simulation and visualization. Insofar as these properties
are independent of the model with respect to the desired outcomes, they will be supplied as, or augmented by,
stochastic processes. This deliberate incompleteness simplifies the model and reduces the computational demands
of simulation by eliminating unnecessary calculations.

2.1 Representation of Antibody Structure

One of the first considerations in designing a model of the immune system is the representational form and fidelity
of antibodies and antigens. Antibody protein structure is genetically determined. Both the genetic and phenotypic
structures are strings over a finite alphabet: sequences of 216 symbols from an alphabet of four nucleic acids, and
sequences of 220-550 symbols from an alphabet of 20 amino acids, respectively. For the purposes of representation,
these are equivalent and can be used to model the structure of antibodies and epitopes.

What is needed is a coding scheme (alphabet and string length) that will preserve scale equivalence and, more
importantly, a method for measuring complementarity between strings. Common approaches use binary strings of
8, 32 or 64 bits, and a measure such as the Hamming distance, the count of common contiguous bits, or the result of
a bitwise XOR. These are computationally convenient representations in traditional modeling environments [2].

Easel, on the other hand, is well suited to working with continuous properties and interactions between near
neighbors. This makes the generalized representation proposed by [12] another possibility. In this representation,
antibodies and antigen epitopes exist as points in an n-dimensional continuous Euclidean shape space. Antibodies
are specified by the set of coordinates <aby, ab,, ..., ab,> and epitopes by the set <ag,, ag,, ..., ag,>. The strength of
the binding between an antibody and an antigen is the Euclidean distance between the two points as given in

Equation 2-1.
D= 1 Z(ab; —ag; )2 Equation 2-1
i=1

The processes governed by binding affinity do not depend on achieving perfect complementarity, D=0, but instead
operate on the degree of approximate binding. An affinity threshold, €, demarcates the region around a point outside
of which an antigen will not be recognized. Inside this region lie epitopes that share similar characteristics and
stimulate a response from the same antibody. This is known as a ball of stimulation [11].
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2.1.1 Probability of Binding

There are two factors that determine the probability of an antibody and antigen binding: affinity and competition.
Interactions with higher affinity—a shorter distance—have a much higher probability of binding than those at the
limit of the affinity threshold. This relationship is modeled as a linear relation in D as given in Equation 2-2 and
shown in Figure 2-1. At the affinity threshold, the probability of binding is 0.5; beyond this, the probability of
binding is zero.

. D
Pr[Bind]=1-— Equation 2-2
2e
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Figure 2-1 Figure 2-2

The affinity probability is adjusted by a logarithmic relation in the number of neighbors as given in Equation 2-3 and
shown in Figure 2-2. This relation is such that the average number of neighbors provides no adjustment. This
introduces a dependency in the model on the implementation which determines the number of neighbors. Different
implementations will require appropriately scaled competition adjustments. Less competition improves the
probability of binding to the point that a single antibody binds with a 100% probability when there is no competition
while higher levels of competition decrease the probability of binding.

Adjust = log,,(Neighbors +1) Equation 2-3
When the probability of binding is combined with the competition adjustment, the result is Equation 2-4 and a

distribution that looks like Figure 2-3. A perfect binding drops to about a 50% probability when there are 29
neighbors while the weakest binding has a no chance of succeeding at 29 neighbors.

Pr[Bind] = max(l .0, (1 - ZEJ - max(log10 (Neighbors + l),—O.S)] Equation 2-4
£
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The model describe here combines the combinatorial convenience of strings from a fixed alphabet with the
generalized Euclidian antibody shape space. The shape space in the model is bounded by the size of the alphabet.
Each coordinate vector corresponds to a set of discrete symbols. This leads to a total number of unique antibodies
and epitopes given by k" where k is the size of the alphabet and » is the number of dimensions or the length of a
string. The number of antigens covered by a single antibody is given by the distinct coordinate vectors that exist in
the ball of radius € as shown in Equation 2-5. This corresponds to the set of points within a cube of integral length
bounded by the ball of stimulation.

N

The intersection between two balls of stimulation identifies antigens that can stimulate a response in either antibody,
a cross-reactive response. In the model, this corresponds to any point within the ball of stimulation but outside the
space bounded by the coverage cube.

C= {EJ Equation 2-5

Cross-reactivity helps explain the nearly complete coverage provided by the limited germ line diversity. The natural
immune system is believed to be capable of recognizing any possible antigen with various degrees of specificity
because the innate antibody diversity fits shape space with minimal overlap while avoiding self-reactive regions
[13]. This initial antibody repertoire is the result of well-defined rearrangement of the antibody structures encoded
in the gene libraries. The minimum number of antibodies necessary to provide complete shape space coverage is
given by Equation 2-6. This represents the number of distinct points that must be provided in an initial repertoire to
ensure that every point in shape space binds with at least one antibody. This forms a spanning set of points.

N = ’71( —‘ Equation 2-6
C

The antigen coverage for strings of length n using an alphabet of k=255 and Equations 2-1 through 2-3 is shown in
Table 2-1. At &=0, the coverage is exactly a single antigen and the number of points required for complete coverage
is therefore the same as the number of possible codings. An alphabet of 255 provides a suitably large number of
potential antibodies using relatively short strings.
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Affinity Threshold
n K Dpnax £=2 £=4 £=8
c N c N c N
1 255 254 2 128 4 64 9 29
2 65025 359 4 16257 16 4065 81 803
3 1.7-10° 439 8 2.1-10° 64 2.6:10° 729 22746
4 4.2-10° 508 16 2.6:10° 256 1.7-107 6561 6.4-10°
5 1.1-10" 568 32 3.4-10" 1024 1.1-10° 59049 1.8:10’
6 2.8:10™ 622 64 4.3:10" 4096 6.7:10" 5.3-10° 5.2:10°
7 7.0-10" 672 128 5510" 16384 4.310" 4.8-10° 1.5-10"
8 1.8:10" 718 256 7.0-10" 65536 2.7-10™ 4.3-107 4.2-10"
Table 2-1

The results for a three-dimensional vector at #=3 provide a tractable number of points in the spanning set and a large
enough number of possible patterns to be interesting.

Measure Real Model Description
Spanning 7 4 Antibodies encoded in DNA based on the genes and possible rearrangements that
10 10 . . . . :
Set determine antibody structure, not including hypermutation.
Possible 108 107 Possible antigen patterns based on the combination of amino acids that complement
Patterns the size of an antibody receptor (5-10).
System 10" 10° An estimate of the number of components in the human immune system consisting
Size mostly of a mix of lymphocytes.
Pattg;?fs o 10° N/A The number of possible patterns of self. Should not elicit an immune response.
Table 2-2

The model should provide scale equivalence in the representation: the ratios and relationships between populations
should be approximated in the model. Important scale characteristics are shown in Table 2-2.

Most models of the immune system seek to identify self from non-self. This model could represent self as a static
collection of points in shape space. New antibodies could be compared against these patterns and, if within the
affinity threshold, eliminated. In this way, the antibodies in immunological memory consist only of those which do
not react with self. However, the existence of self is not necessary to study the dynamics of learning and memory in
the immune system and therefore is not included in this model.

A representation which combines vectors in a three-dimensional Euclidean shape space with sequences of discrete
symbols captures the essential properties of antibody structure and simultaneously lends itself to expression in Easel.
The model representation of antibodies and epitopes can be summarized as follows:

e  Strings of length n=3 across an alphabet of &=255 symbols for a total of 16,581,375 possible codings.
e Points in a three-dimensional discrete coordinate system.

e  An affinity measure based on the Euclidean distance between two points.

e An affinity threshold of é=8 for a minimum of 22,746 antibodies to completely cover shape space.

Epitopes share the same representation as antibodies. Antigens are simply constructs of one or more epitopes. A
pathogen exists as a distinct heterogeneous population of antigens. The binding affinity between an antigen and
antibody is therefore the shortest distance between the antibody and any of the antigen’s epitopes. The affinity
threshold will likely be refined through experimentation.
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2.2 Processes and Interactions

This section describes the processes and interactions that are essential to produce and regulate an immune response,
and to develop immunological memory in the model. The primary actor is the B-cell which is both the facilitator
and instrument of clonal reproduction and selection. Antibodies detect and antigens instigate, but it is the B-cell, in
one of its several forms, which reacts. The forms, transitions and processes of the model B-cell are illustrated in
Figure 2-4. The function of each of these is described in detail in the following sections.

Lifetime Expires

Genesis Lifetime Expires Dead Produce

Lifetime Expires

80% Chance
Bind with Antigen
Naive Clone Activated
33% Chance
20% Chance
0,
Mutate L& &7% Clone |«———Bind
Chance

Figure 2-4

The free antibody has a very simple lifetime. It begins when it is produced by a plasma cell. If it binds with an
antigen within its lifetime, it consumes the antigen and sacrifices itself in the process. If it fails to bind, it simply
dies from lack of stimulation.

Bound
Bind with Antigen

Lifetime Expires
Produce Antibody

Figure 2-5

2.21 Antibody Repertoire Production

B-cells develop in the bone marrow as undifferentiated stem cells. The initial differentiation occurs through
rearrangements of the genes that determine antibody segments. This process is independent of the presence of
antigens and results in a continuous supply of naive B-cells that provide probabilistically complete coverage of
shape space. A similar genesis process is incorporated in the model. Based on the affinity threshold, a new
antibody is randomly created from the minimal set which covers shape space every unit of time. This set is created
from the lattice point intersections of a space filled with the coverage cubes defined by Equation 2-5. The number
of points and the interval along each dimension are given by Equation 2-7 and Equation 2-8, respectively.

P= 5 = ﬁ = 28.35 Equation 2-7
1 9
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o=

I = C% =729% =9 Equation 2-8
From these, it is possible to define a formula for computing the coordinates of an antibody within the spanning set.
This is shown in Equation 2-9.

ab, 5 =round (l [rand(O..?JJJ =round [9(rand[0..%}j} Equation 2-9

All B-cells, except memory cells, have a limited lifetime after which they are eliminated if they do not transition to a
new state. This helps limit the total number of cells in the immune system and terminates unsuccessful explorations
in shape space. The actual lifetimes are not currently determined and will be explored through simulation.

2.2.2 Antigen Detection and B-Cell Activation

A B-cell that binds with an antigen becomes an antigen-presenting cell. It waits for stimulation by T-cells that bind
with fragments of the same antigen. This co-stimulation exists in the natural immune system because only T-cells
are filtered for self-reactivity. This prevents activation of self-reactive B-cells. The model presented here does not
include a representation of self or a censoring process so the role of the T-cell is omitted. However, since the T-cells
also serve to regulate the proliferation of B-cells, the bound and stimulated states are maintained in the model.

Successful stimulation causes the B-cell to divide. In the natural immune system, a stimulated B-cell loses its
surface antibodies before division; in the model the antigen binding is released prior to cloning (and the antigen
eliminated). Each new clone cell develops into either a plasma cell or a memory cell. The probability of becoming
a memory cell is much lower than that of a plasma cell, but the ratio is not specified. This is another parameter that
will be explored through simulation. Plasma cells produce a fixed quantity of identical antibodies before their
lifetime expires. Each of these antibodies eliminates a single antigen from the model. Memory cells remain in the
model for the duration of the simulation.

2.2.3 Somatic Hypermutation

A memory cell—whether it is part of a primary or secondary response—will create a new B-cell if it encounters its
specific epitope. This B-cell has a high probability of undergoing mutation although the rate is less for memory
cells with very high affinity. Cloned B-cells are subject to the same activation process as naive cells. The death of
inactivated or unbound mutants helps improve the average affinity of the surviving population.

The original memory cell does not behave as a naive cell. Instead, it behaves as though it were a plasma cell,
producing vast quantities of antibodies. This behavior is modeled as a transition into the stimulated state without
requiring co-stimulation from another B-cell. The memory cell will then divide (without recombination or
mutation) and each cell will become a plasma cell or a new memory cell.

2.3 Model Parameters

There are a number of variables and parameters in the model that will be explored through simulation. Some of
these are listed in Table 2-3.

Parameter Value | Description
Symbol Set 255 Size of alphabet or discrete points in one dimension.
String Length & Size of a string or number of dimensions in shape space.

Affinity . . . . S . .
Threshold 8 The maximum distance at which an antibody will still bind with an epitope.
Probability of 0.25 Probability that an activated B-cell differentiates into a memory cell versus a

Memory ' plasma cell.
Probabll_lty @ 0.67 Probability that an activated memory cell undergoes mutation.
Mutation

95-755: Advanced Security Topics Final Report 8
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Naive Genesis

The rate at which naive B-cells from the minimal spanning set are introduced into

Antibody Rate

Rate the simulation every time unit.
Active B-Cell 3 The number of clones generated by an activated B-cell. This is typically a value
Clones 2"-1 where n is the number of generations.
Memory Clones 3 The nurfpber of cIongs generated by an actl\{ated memory cell. This is typically a
value 2"°-1 where n is the number of generations.
L|f_et|mes eI Each B-cell state has a lifetime limit. If it doesn’t transition into a new state within
Time Delay Vary S .
the limit, it is terminated.
States
Plasma The number of antibodies generated every time unit. The total number is a factor

of plasma cell lifetime and delay.

Table 2-3

95-755: Advanced Security Topics Final Report 9
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3 Design of an Easel Simulation

There are in fact two design stages in the development of a model to be used for simulation. The first is the design
of the model as described in the previous chapter. This captures all the properties considered essential to
demonstrate immunological learning and memory. This model is, by definition, abstract. B-cells and antigens exist,
but they have no form, no shape. They interact, but there is no world in which these interactions take place. The
design of the simulation is in some sense the process of giving life to a model, bringing it into the realm of
experience, creating something that can be seen.

The design of an Easel simulation involves many decisions about the properties and types that best capture the
concepts in the model. Many of the basic decisions are not described here since they can be found in the source
code in Appendix A. What follows instead are some of the more important decisions and optimizations as well as
an overview of the three actors (simulation manager, B-cell and antigen) and their properties and behavior.

3.1 Neighbor Interactions

The model does not include a definition of neighbor interactions: how B-cells and antigens find each other in the
environment provided by the simulation. The initial simulation included a simple probabilistic encounter: a B-cell
would randomly chose an antigen from a global list and decide whether or not it would bind. Neighbors would
therefore be any actors that randomly chose the same antigen. While this approach provides constant time costs, it
lacks any intuitive visualization. Even if randomly chosen neighbors move together, there is limited ability to detect
and predict patterns of interactions from the current state of visualization.

In contrast, spatial interactions, in which a real two or three dimensional position is assigned to each actor, provide
an intuitive and accurate visualization. Antigens and B-cells move about space and interact when they are “near”
each other where near is defined as a Boolean function of the simulation space. However, the total cost of
determining near neighbors is O(n”) without resorting to elaborate algorithms and data structures that are difficult to
implement in Easel. This cost is prohibitive.

The simulation instead introduces the concept of neighborhoods which are formed by imposing a grid of
configurable granularity over the real space. A neighbor—referred to as a cluster in the implementation—is any
actor in the same grid position. This can be computed directly from the positional attributes. Consider, for example,
a simulation environment with the properties in Table 3-1.

Width of space for depictions SpatialXSize :: number := 500.0;
Height of space for depictions SpatialYSize :: number := 400.0;
Cluster width in spatial units ClusterXSize :: number := 50;
Cluster height in spatial units ClusterYSize :: number := 40;

Number of clusters along X axis SpatialXClusters :: number := SpatialXSize/ClusterXSize;
Number of clusters along Y axis SpatialYClusters :: number := SpatialYSize/ClusterYSize;

Total number of clusters ClusterCount :: int := SpatialXClusters*SpatialYClusters;
List of ClusterCount clusters Clusters :: list := new list Cluster;
Table 3-1

The cluster that an actor belongs to can be computed from spatial coordinates as follows:
(trunc (trunc Pos.y)/ClusterY Size)* Spatial X Clusters + (trunc (trunc Pos.x)/ClusterXSize);

This approach provides constant costs to determine neighbors while still providing visually consistent and
predictable local interactions. Each actor maintains knowledge of the cluster to which it belongs, and each cluster
tracks the list of antigens and B-cells present in the cluster. Consistency between these is maintained by
encapsulating movement and cluster migration in a common method.

3.2 Depiction and Visualization

Visualization is a necessary component of simulations. It can provide insights into the behavior of the system and is
a vital tool to explore the effects of tuning model parameters. Figure 3-1 shows a prototype of the visualization.
The main window is divided into two subwindows, an interaction zone and a status window.
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Figure 3-1

The interaction zone shows the current population of antigens and B-cells (and visually identical antibodies). B-
cells are shown as concave squares (reminiscent of the stylized “Y” shape of antibodies) and antigens as convex.
The color directly corresponds to an RGB interpretation of the antibody or epitope coordinates. The color provides
a simple mechanism of monitoring affinity: actors that are close in color have a shorter distance between them.

The status window provides feedback on the current state of the simulation. The counters monitor the populations
of various actors. The bar graphs show the counts of B-cells in several persistent states. This would be better
presented as line graphs, but bar graphs were chosen due to the ease of implementation.

3.3 Simulation Management Actor
The simulation management actor handles initialization, housekeeping, update of the status window and introduction
of antigens and B-cells into the simulation. There is only a single instance of the management actor.

All initialization is done within the context of a simulation so that model and simulation parameters are consistently
available through the simulation pronoun, sim. Initialization consists of creating a library of pathogens, each a series
of antigens, and an initial number of B-cells.

The actor introduces naive B-cells into the simulation every genesis time unit. It also periodically introduces and
reintroduces pathogens from the pathogen library.

The actor also manages the depictions of bar graphs and counters as well as logging B-cell and antigen population
counts to an output file for post-analysis.

3.4 B-Cell and Antibody Actor

The B-cell is the primary actor in the simulation.

3.4.1 Properties

Name Type Description
Antibody Segment A triplet identifying the coordinates in shape space.
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Lifetime Integer The amount of time left to live in the current state.
State State Current B-cell state.
Position Position Spatial real x and y coordinates.
Cluster Cluster Neighborhood cluster.
Shape Drawing A polygon.
Orientation Direction The direction a shape points and moves.
Color RGB Color The color corresponding to the antibody.
Table 3-2
Behavior

The behavior of a B-cell can be expressed in following pseudocode

Forever
Wait State Delay
If No Life Left Then
Remove from Neighborhood; Terminate
Evaluate and Perform State Operations
Randomly Drift (Orientation and Position); Update Neighborhood

3.5 Antigen Actor

The antigen actor is a passive actor in the simulation. The number of these actors is based on the pathogens

introduced into the simulation by the simulation manager.

3.5.1 Properties

Name Type Description

Epitope Segment A triplet identifying the coordinates in shape space

Lifetime Integer The amount of time left to live. This only has significance when bound.
IsBound Boolean True if the antigen has been bound by a B-cell.

Position Position Spatial real x and y coordinates.

Cluster Cluster Neighborhood cluster.

Shape Drawing A polygon.

Orientation Direction The direction a shape points and moves.

Color RGB Color The color corresponding to the epitope.

Table 3-3
3.5.2 Behavior

The behavior of an antigen can be expressed in following pseudocode

Forever
If Not Bound Then
Randomly Drift (Orientation and Position); Update Neighborhood
Else
Wait Lifetime; Remove from Neighborhood; Terminate
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4 Simulation Results

This forthcoming chapter will present the results obtained from simulation. While some preliminary data has been
obtained, it is inconclusive. The current Easel environment lacks the performance and robustness to both simulate
and manage depictions. It is therefore planned to eliminate the visualization components and rely on post-analysis
of data logs to obtain results.
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5 Analysis and Discussion

This forthcoming chapter will discuss the results from simulation, applications to current research problems and
propose areas for further study. Some possible areas for further study include an exploration of regulation and
feedback mechanisms such as co-stimulation and the role of suppressor T-cells. It would also be interesting to use
the model to explore idiotypic networks where antibodies also have antigenic properties such that the system evolves
antibodies against antibodies against antibodies to a level of regression determined by the ability of the immune
system to mount a measurable response.
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6 Conclusion

This paper has presented a design for an emergent model of immunological memory based on the adaptive humoral
immune system and has developed an implementation and simulation in Easel based on this model. This represents
only the first stage in this research. It is not clear whether the model described here will reproduce the characteristic
primary and secondary responses. Validation against the natural immune system is therefore important next step
and iterative refinements are expected. The model will be studied under simulation to better understand the effect
and completeness of various model parameters on developing memory and maintaining homeostasis.
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Appendix A — Easel Source Code

B R R R R R R R R R R R

Project: Model of Immunological Memory
Module: AIS.easel

Date: April 10, 2002

Author: Chris Lord (clord@cmu.edu)

Revision History

Version Edit Date Who Description

.000 2002-04-10 CCL Created

.001 2002-04-18 CCL Change probabilistic bind to account for lack of competition

.002 2002-04-19 CCL Fix expressions to fix precedence of monadic functions

.003 2002-04-20 CCL Add parameter to control epitope duplication and uniquness
Use probabilistic encounters if clusters set to one

0.0.004 2002-04-21 CCL Add graveyard position for dead cells and antigens

Partial actor recycling support

Add clonal generation limit

Ensure segments don't include 0 points

#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
# Copyright (C) 2002 by Chris Lord. All Rights Reserved.

#
O
O
#

# Simulation

#
O

Simulation: simulation type is

#

# Simulation Parameters

#

SpatialXSize :: number := 500.0; # Width of spatial playground for depictions

SpatialYSize :: number := 400.0; # Height of spatial playground for depictions

SpatialXLimit :: number := # Limit including size of actors
SpatialXSize + 20;

SpatialYLimit :: number := # Limit including size of actors, graphs drawn below this
SpatialYSize + 20;

MoveRadiusSize :: number := 15; # Maximum radius for movement

MoveHeadingDrift :: number := pi/4; # Maximum amount of rotational drift per move

ClusterXSize :: number := 50; # Cluster width in whole spatial units

ClusterYSize :: number := 40; # Cluster height in whole spatial units

SpatialXClusters :: number := # Number of clusters along X axis
SpatialXSize/ClusterXSize;

SpatialYClusters :: number := # Number of clusters along Y axis
SpatialYSize/ClusterYSize;

ClusterCount :: int := # Total number of clusters (note: special case if total is one)
SpatialXClusters*SpatialYClusters;

#

# Model Parameters

#

SymbolSet :: number := 255; # Our shape space is a 255*255%255 world

SegmentLength :: int := 3; # Sequences of length 3, or 3 dimensions

SpacePoints :: number := # Total discrete points (hence, total unique antibodies/epitopes)
SymbolSet”~SegmentLength;

SpaceXSize :: number := SymbolSet;

SpaceYSize :: number := SymbolSet;

SpaceZzSize :: number := SymbolSet;

AffinityThreshold :: number := 8; # Euclidean distance to be considered 'close enough' to bind

SpaceCoverage :: number := (2*AffinityThreshold+l)"“SegmentLength;

SpaceMinSize :: number := SpacePoints/SpaceCoverage;

SpaceMaxDistance :: number := sqrt(SegmentLength*SymbolSet”2);

SpaceMinPositions :: number := 28; # Number of points in one dimension for minimal coverage
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SpaceMinIncrement number :=
SymbolSet/SpaceMinPositions;

# Amount of space covered by each point.

ProbMemoryCell number := 0.25; # Probability that an B-cell differentiates into memory cell
ProbMutation number := 0.67; # Probability that an activated memory cell will mutate
InitialBCells :: int # Initial population of B-cells

PathogenCount :: int # Number of pathogens to introduce

PathogenLength :: int := 20; # Number of antigens (epitopes) in a pathogen
PathogenDuplicates int := 5; # Duplicates of each antigen in pathogen
PathogenUniqueAntigens :: int := PathogenLength/PathogenDuplicates;

PathogenInterval int := 30; # Time units between introductions

PathogenRepeats :: int := 3; # Repeat introductions before advancing
BCellGenesisTime :: int := 2; # Time units between new naive B-cell production
AbProductionRate :: int := 1; # Antibodies produced each time unit
BCellMemoryClones int := 3; # Number of clones from activated memory cell (2”°n-1)
BCellActiveClones int := 3; # Number of clones from stimulated B-cell

#

# Simulation Attributes

#

BarHeight int := 15; # Height of each graph bar

BarLabel :: int := 50; # Width of bar label

BarValue :: int := 25; # Width of bar value

BarOffset :: int := BarLabel+BarValue; # Distance from left edge (space for text)
BarXLimit int := SpatialXLimit - BarOffset;

BarSpacing :: int := 3; # Space between each bar graph

View :: view := ?; # One and only view

Clusters :: list := new list Cluster; # List of neighborhood clusters

BCells list := new list BCell; # List of all B-Cells in the simulation
BCellTotalCount :: int := 0; # Current count of all B-Cells

BCellCounts list int := (list int)'f(O, O, O, O, O, O, O, O, O, O];

BCellStateCounters: list string := new list string;

BCellLastId :: int := 0; # Last id assigned to B-cell (results are l-based)
Antigens list := new list Antigen; # List of all antigens in the simulation
AntigenCount :: int := 0; # Current count of all antigens

AntigenLastId :: int := 0; # Last id assigned to antigen (results are l-based)
ClusterLastId :: int := -1; # Last id assigned to cluster (results are 0O-based)
GraveyardXPos number := 500.0; # X position outside normal view for dead actors
GraveyardYPos number := 575.0; # Y position outside normal view for dead actors
DeadAntigens :: list := new list Antigen;

DeadBCells list := new list BCell;

#
# Counter Acecssors
#

IncrementAntigens () : action is

sim.AntigenCount := sim.AntigenCount + 1;

IncrementBCells () : action is

sim.BCellTotalCount

:= sim.BCellTotalCount + 1;

DecrementAntigens () : action is
sim.AntigenCount := sim.AntigenCount - 1;
DecrementBCells () : action is
sim.BCellTotalCount := sim.BCellTotalCount - 1;
#
# Id Functions
#
# These assign globally unique ids to each example so we can keep track of
# various activities in debug output. They are not required by the model.
#
GetAntigenId(): int is
sim.AntigenLastId := sim.AntigenlLastId + 1;

return sim.AntigenLastId;

GetBCellId(): int is

sim.BCellLastId := sim.BCelllLastId + 1;

return sim.BCellLastId;

GetClusterId(): int is

sim.ClusterLastId := sim.ClusterlLastId + 1;

return sim.ClusterLastId;

95-755: Advanced Security Topics Final Report

17



A Model of Immunological Memory Appendix A — Easel Source Code

#
# Simulate
#

Simulate(): action is
World :: Simulation := new Simulation;
World.View := new view(World, "Immunological Memory Model", white, nil);

outln (World) ;

Initialize

Our actor initalization occurs in the context of our simulation

e

null new (World, Initialize());
wait World;

Simulate () ;

BCellState, Times, Life

The following are each of our cell states. The transitions are handled in the
actor. The wait times for each state determine how many time units elapse

in a state before transitioning to the next state. This feature is primarily
to improve the depictions (so there is time to see B-cells and antigens in a
bound state). The lifetime is the maximum amount of time that a B-cell will
live in any one of these states. If it doesn't transition to a new state
within this number of units, it dies. There are several intermediate states
where we don't expect to persist, so these have lifetimes of 1.

S S e R e e SR e S S e e

BCellState: type is enum(StateNaive, StateBound, StateStimulated, StateActivated, StatePlasma, StateAntibody,
StateConsumed, StateMemory, StateSecondary, StateDead);

BCellStateNames: type is list '["Naive", "Bound", "Stim", "Active", "Plasma", "Antibody", "Munch", "Memory",
"Second", "Dead"];

BCellStateColors: type is list '[green, blue, pink, red, orange, yellow, black, purple, plum, black];
BCellWait: type is list '[1, 5, 2, 1, 1, 1, 5, 1, 11;

BCelllLife: type is 1list '[200, 50, 5, 5, 5, 25, 20, 100000, 5];

# '[1000, 1000, 1, 1, 500, 500, 10, 10000000, 17];

Initialize

Our initialization occurs in the context of a simulation so that all simulation and
model parameters are available.

H S 9 H e

Initialize(): actor type is

Pathogens :: list := new list any;
PathogenSet :: list := ?2;
BCellCountdown :: number := ?;
NextPathogen :: int := 0;
PathogenCountdown :: number
PathogenRepeats :: number :=
Frame :: frame := ?;

#
# Sanity check model and simulation parameters
#

Assert sim.PathogenUniqueAntigens >= 1;

for i: each 1..2000 do

outln(".");
#
# Create each of our neighborhood clusters, numberd 0...ClusterCount-1
#

for i: each 1..sim.ClusterCount do
push (sim.Clusters, new Cluster);

#
# Create a library of random pathogens for experiments
#

for i: each 1..sim.PathogenCount do
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PathogenSet := new list any;
# BUG: for j: each 1l..sim.PathogenUniqueAntigens do
for j: each 1..5 do

Seg :: Segment := GetNewRandomSegment () ;

push (PathogenSet, Seg);

for k: each 1..sim.PathogenDuplicates-1 do

push (PathogenSet, CloneSegment (Seq));

outln ("Debug: Pathogen ",i-1, "=", PathogenSet);
push (Pathogens, PathogenSet);

Create the initial set of B-cells.

4 H W

for i: each 1..sim.InitialBCells do

push (sim.BCells, new(sim, BCell (StateNaive, GetNewSpanningSegment (), GetNewRandomPosition())));

Draw a thick line separating the interaction area from our graphs.
TODO: Why doesn't this work with polyline ()

S H e

depict (sim.View, paint (polygon (
0, sim.SpatialYLimit+sim.BarSpacing,
sim.SpatialXLimit, sim.SpatialYLimit+sim.BarSpacing,
sim.SpatialXLimit, sim.SpatialYLimit+sim.BarSpacing+2,
0, sim.SpatialYLimit+sim.BarSpacing+2), black));

Draw our bar graphs for each possible B-Cell state.

H o

for i: each StateNaive..StateSecondary do
#
# Create text frames for the static labels
#

Frame := new frame (rectangle(0,sim.SpatialYLimit+ (i+1) *sim.BarHeight+i*sim.BarSpacing,

sim.BarLabel, sim.SpatialYLimit+ (i+1)*sim.BarHeight+i*sim.BarSpacing+sim.BarHeight)) ;
style (Frame, #"

font-family: Arial;

font-size: 1llpt;

font-weight: bold;

font-style: normal;

color: black;

background-color: white;

"#);
# TODO: The layout trashes memory (fine if we just add Frame)
depict (sim.View, layout (BCellStateNames[i], "", Frame));
#
# Create text frames for reporting the current values. There is no nice way to
# have dynamic strings from integers without updating the strings from the
# background (which we do in our count routine).
#

Frame := new frame (rectangle(sim.BarLabel,sim.SpatialYLimit+ (i+1)*sim.BarHeight+i*sim.BarSpacing,
sim.BarLabel+sim.BarValue, sim.SpatialYLimit+ (i+1) *sim.BarHeight+i*sim.BarSpacing+sim.BarHeight)) ;

style (Frame, #"
font-family: Arial;
font-size: 1llpt;
font-weight: normal;
font-style: normal;
color: black;
background-color: white;
"#);

push (sim.BCellStateCounters, new string);
UpdateCounter (i) ;

# TODO: The layout trashes memory (fine if we just add Frame)
depict (sim.View, layout (sim.BCellStateCounters[i], "", Frame));

#
# Create dynamically updated percentage bars based on our cell counts
#

depict (sim.View, var paint (polygon (
sim.BarOffset, sim.SpatialYLimit+ (i+1)*sim.BarHeight+i*sim.BarSpacing,
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#
# List Manipulators
#
# The actors in this simulation are constantly moving between lists. These
# manipulators allow self insertion and deletion on the specified list with
# localized sanity checks.
#
PrintList ( List: list ): action is
Index :: int := 0;
for i: each List do
output (" ",Index,": ");
if i isa BCell then
outln("Ab ", i.Id, " ", i.State, " Seg=(", i.Antibody.x, ",",
i. Antibody.y,",",i. Antibody.z,") Pos=(", i.Pos.x,",", i.Pos.y, ") Hood=",
i.Hood.Id, " Life=", i.Life);
else
if i isa Antigen then
outln("Ag ", i.Id, " Seg=(", i.Epitope.x, ",",i.Epitope.y,",",i.Epitope.z,") Pos=(",
i.Pos.x, ",", i.Pos.y, ") Hood=", i.Hood.Id);
else
outln ("Unknown list element type");
Index := Index + 1;
#
# BUG: index_of does not always find elements on a list so we roll our own
#
SearchList ( List: list, Element: any ): indexer is
Index :: int := 0;

BCellStateColors[i] ));
#
# Action
#
BCellCountdown := sim.BCellGenesisTime;
PathogenCountdown := 1;
PathogenRepeats := 0;
for every true do
wait (1.0);
#
# Is it time to generate a new BCell? 1If so, each new B-Cell is based on a point
# from our minimum spanning set.
#
BCellCountdown := BCellCountdown - 1;
if BCellCountdown = 0 then
push (sim.BCells, new(sim, BCell (StateNaive, GetNewSpanningSegment (), GetNewRandomPosition())));
BCellCountdown := sim.BCellGenesisTime;

sim.BarOffset+ ((var sim.BCellCounts[i])/(var sim.BCellTotalCount)) *sim.BarXLimit,
sim.SpatialYLimit+ (i+1) *sim.BarHeight+i*sim.BarSpacing,

sim.BarOffset+ ((var sim.BCellCounts[i])/(var sim.BCellTotalCount)) *sim.BarXLimit,
sim.SpatialYLimit+ (i+1) *sim.BarHeight+i*sim.BarSpacing+sim.BarHeight,

sim.BarOffset, sim.SpatialYLimit+ (i+1l)*sim.BarHeight+i*sim.BarSpacing+sim.BarHeight),

#
# Is it time to introduce a new pathogen?
#

PathogenCountdown := PathogenCountdown - 1;
if PathogenCountdown = 0 then
outln ("Introduce Pathogen ", NextPathogen, " ", PathogenSet);
for i: each Pathogens[NextPathogen] do
push (sim.Antigens, new(sim, Antigen (i, GetNewRandomPosition())));
PathogenRepeats := mod(PathogenRepeats + 1, sim.PathogenRepeats);
if PathogenRepeats = 0 then
NextPathogen := mod (NextPathogen+l, sim.PathogenCount);
PathogenCountdown := sim.PathogenInterval;

Assert List isa list;

for

i: each List do

if 1.Id = Element.Id then
return Index;

Index := Index + 1;
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return Index;

RemoveFromList ( List: list ): action is

Index :: indexer := ?;

Assert List isa list;
Assert (self isa Antigen) | (self isa BCell);

if (length List) > 0 then

Index := SearchList (List, self);
if Index = -1 then
output ("Error: RFL invalid list - ");
PrintActor ("RFL1") ;
else
if Index = (length List) then
trace true;
output ("Error: RFL self not found index=",Index," - ");

PrintActor ("RFL2") ;

PrintList (List) ;
else

remove (List, Index);

AddToList ( List: list ): action is

e o e e

Index :: indexer := ?;

Assert List isa list;
Assert (self isa Antigen) | (self isa BCell);

#
# If we're already on a list, then there is a problem.
#

if (length List) > 0 then
Index := SearchList (List, self);

if Index = -1 then
output ("Error: ATL invalid list - ");
PrintActor ("RFL1") ;

else

if Index != (length List) then
output ("Error: ATL self found - ");
PrintActor ("ATL2") ;

else
push (List, self);

else
push (List, self);

Cluster

A cluster is a neighborhood of antibodies, B-cells and antigens. Actors

move from one cluster to an adjacent cluster. This provides a very simple
mechanism to simulate spacial interactions for depiction without the overhead
of maintaining or calculating neighbor relations. The cluster that an actor
belongs to is determined by their position as follows:

Cluster[trunc (Pos.y/ClusterYSize) *SpatialXClusters + trunc(Pos.x/ClusterXSize)]

This gives us a coarse measure of 'nearby' that provides the same dynamics
even as it fails to provide the same physical fidelity. It, importantly,
lets us create realms of competition between antigens. Note that it assumes
that the only legal positions are (0..SpatialXSize-1, 0..SpatialYSize-1);

There is a special case of one cluster which forces us into a probablistic encounter
mode with much better performance but unintuitive visualization.

BUG: index_of returns -1 for non-lists (undocumented return value)
BUG: index_of doesn't find actors on list if they've been internally reallocated

Cluster: type is

Id :: int := GetClusterId();
BCells :: list := new list any;
Antigens :: list := new list any;

GetCluster

Return the cluster occupied based on the specified position.

B

95-755: Advanced Security Topics Final Report

21



A Model of Immunological Memory Appendix A — Easel Source Code

GetCluster( Pos: Position ): Cluster is

Index :: int := (trunc (trunc Pos.y)/sim.ClusterYSize)*sim.SpatialXClusters + (trunc (trunc

Pos.x) /sim.ClusterXSize) ;

S HE W 9 W

Assert (Pos.x < sim.SpatialXSize) & (Pos.y < sim.Spatial¥YSize);

if (Index < 0) | (Index >= sim.ClusterCount) then
output ("Error: Cluster index=", Index, " YSize=", sim.Cluster¥YSize," XSize=",
sim.ClusterXSize, " XClusters=",sim.SpatialXClusters, " - ");
PrintActor ("GErx");
Index := sim.ClusterCount - 1;

return sim.Clusters|[Index];

InsertCluster

Insert the caller in the appropriate cluster. This should only be called at actor
initialization after which MigrateCluster should be used to switch clusters.

InsertCluster( Pos: Position ): action is

S S e 3 9 e

NewHood :: Cluster := GetCluster (Pos);

Assert NewHood isa Cluster;
self.Hood := NewHood;

if self isa Antigen then
AddTolist (NewHood.Antigens) ;
else
AddToList (NewHood.BCells) ;

MigrateCluster
Move from one cluster to another. This requires hat the caller be either a BCell

or an Antigen and have a Hood attribute which is their current cluster. We only
move if our new cluster is different than our old one.

MigrateCluster ( Pos: Position ): action is

NewHood :: Cluster := GetCluster (Pos);

Assert self.Hood isa Cluster;
Assert NewHood isa Cluster;
if self.Hood.Id != NewHood.Id then
if self isa Antigen then
RemoveFromList (self.Hood.Antigens) ;
else
RemoveFromList (self.Hood.BCells) ;

self.Hood := NewHood;

if self isa Antigen then
AddTolist (NewHood.Antigens) ;
else
AddToList (NewHood.BCells) ;

#
# Position
#

Position: type is

b4 number := ?;

vy number := ?;

ClonePosition( Copy: Position ): Position is
Pos :: Position:= new Position;
Pos.x := Copy.x;
Pos.y := Copy.y;
return Pos;

GetNewRandomPosition () : Position is
Pos :: Position := new Position;
Pos.x := random(uniform, 0, sim.SpatialXSize);
Pos.y := random(uniform, 0, sim.Spatial¥YSize);
return Pos;

WrapPosition( Pos: Position ): Position is

if ( Pos.x > sim.SpatialXSize ) then
Pos.x := Pos.x - sim.SpatialXSize;
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else
if ( Pos.x < 0 ) then
Pos.x := Pos.x + sim.SpatialXSize;

if ( Pos.y > sim.Spatial¥Size ) then

Pos.y := Pos.y - sim.SpatialYSize;
else
if ( Pos.y < 0 ) then

Pos.y := Pos.y + sim.SpatialYSize;

return Pos;

GetRandomMove ( Pos: Position, Heading: number ): Position is
Pos.x := Pos.x + random(uniform, 0, sim.MoveRadiusSize) *cos (Heading);
Pos.y := Pos.y + random(uniform, 0, sim.MoveRadiusSize)*sin (Heading) ;

return WrapPosition (Pos);

GetRandomHeading ( Heading: number ): number is
if random(uniform, 0, 1) < 0.5 then
Heading := Heading - random(uniform, 0O, sim.MoveHeadingDrift);
if Heading < 0 then
Heading := 2*pi + Heading;
else
Heading := Heading + random(uniform, 0, sim.MoveHeadingDrift);
if Heading > 2*pi then
Heading := 2*pi - Heading;

return Heading;

F O
#
# Model
#
O
#
# Assert
#
Assert ( Result: boolean ): action is
if Result = false then
outln ("Error: Assertion failed");
trace true;
#
# PrintActor
#
PrintActor( Desc: string ): action is
if self isa Antigen then
PrintAntigen (Desc) ;
else
if self isa BCell then
PrintAntibody (Desc) ;
else
outln ("Error: PrintActor (",Desc,") unknown type");
outln(self);
#
# Segment
#
# This is the base type of an antibody or epitope. It represents a point in
# 3D shape space. Conveniently, it also has an RGB color. The affinity between
# any two points is the Euclidean distance.
#
Segment: type is
X :: 1..255 := 7?2;
y :: 1..255 := ?2;
z :: 1..255 := 2;
#
# BUG: Overload resolution of Clone (Segment) and Clone (Position) always matches Position
#
CloneSegment ( Copy: Segment ): Segment is
Seg :: Segment := new Segment;

Seg.x := Copy.x;
Seg.y := Copy.y;
Seg.z := Copy.z;
return Seg;
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#
# BUG: "0+" is required for rgb color expressions or Easel crashes
#

GetSegmentColor ( Seg: Segment ): pattern is
return rgb color (0+Seg.x, 0+Seg.y, 0+Seg.z);

GetNewSpanningSegment () : Segment is
Seg :: Segment := new Segment;
Seg.x := round(random(uniform, 0, sim.SpaceMinPositions) *sim.SpaceMinIncrement, 1)
Seg.y := round(random(uniform, 0, sim.SpaceMinPositions) *sim.SpaceMinIncrement, 1)

Seg.z := round(random(uniform, 0, sim.SpaceMinPositions) *sim.SpaceMinIncrement, 1)
return Seg;

GetNewRandomSegment () : Segment is
Seg :: Segment := new Segment;
Seg.x := round(random(uniform, 1, sim.SymbolSet),1l);
Seg.y := round(random(uniform, 1, sim.SymbolSet),1l);
Seg.z := round(random(uniform, 1, sim.SymbolSet),1l);

return Seg;

;
’

;

GetNearAffinitySegment ( Seg: Segment ): Segment is
Seg.x := mod(Seg.x+round(random(uniform, 0, sim.AffinityThreshold),1l),sim.SymbolSet-1)+1;
Seg.y := mod(Seg.y+round(random(uniform, 0, sim.AffinityThreshold),1l),sim.SymbolSet-1)+1;
Seg.z := mod(Seg.z+round(random(uniform, 0, sim.AffinityThreshold),1l),sim.SymbolSet-1)+1;

return Seg;

GetNearSpanningSegment ( Seg: Segment ): Segment is
Seg.x := mod(Seg.x+round(random(uniform, 0, sim.SpaceMinIncrement),l),sim.SymbolSet-1)+1;
Seg.y := mod(Seg.yt+round(random(uniform, 0, sim.SpaceMinIncrement),1l),sim.SymbolSet-1)+1;
Seg.z := mod(Seg.z+round(random(uniform, 0, sim.SpaceMinIncrement),1l),sim.SymbolSet-1)+1;

return Seg;
GetSegmentDistance( Segl: Segment, Seg2: Segment ): number is

return sqgrt((Segl.x-Seg2.x)"2+(Segl.y-Seg2.y)"2+(Segl.z-Seg2.z)"2);
Shapes
The antibody (bcell) and antigen shapes are designed to merge at a common

origin 0,0 providing they are both at the same orientation. This allows us
to easily show binding without altering depictions.

e o

# AntibodyShape: drawing is polygon (0,0, 3,4, 3,-2, -3,-2, -3,4);
# AntigenShape: drawing is polygon (0,0, 3,4, 3,10, -3,10, -3,4);

AntibodyShape: drawing is polygon (0,0, 6,8, 6,-4, -6,-4, -6,8);
AntigenShape: drawing is polygon (0,0, 6,8, 6,20, -6,20, -6,8);

#
# BCell: Actor
#

BCell( InitialState: BCellState, InitialAntibody: Segment, InitialPos: Position): actor type is

Id :: int := GetBCellId();

State :: BCellState := InitialState;

Antibody :: Segment := InitialAntibody;

Pos :: Position := InitialPos;

Shape:: drawing := paint (AntibodyShape, GetSegmentColor (Antibody));
Orientation :: direction := random(uniform, 0, 2*pi);

Hood :: Cluster := ?;

IsBound :: boolean := false;

BoundAg :: Antigen := ?;

Move :: boolean :=
Life :: number := ?;
#
# PrintAntibody
#
PrintAntibody( Desc: string ): action is
outln("Ab ", self.Id, " ", Desc, ": ", self.State, " Seg=(", self.Antibody.x, ","
self. Antibody.y,",",self. Antibody.z,") Pos=(", self.Pos.x,",", self.Pos.y,

self.Hood.Id, " Life=", self.Life);

CloneBCell

EOE T

’

")

Hood=",

95-755: Advanced Security Topics Final Report

24



A Model of Immunological Memory

Appendix A — Easel Source Code

CloneBCell ( NewState: BCellState

NewPos Position :=
NewPos := GetRandomMove (NewPos,
NewAb Segment :=

push (sim.BCells, new(sim,

): action is

ClonePosition(self.Pos);

random (uniform, 0, 2*pi));

CloneSegment (self.Antibody) ;
BCell (NewState,

NewAb, NewPos)));

#
# UpdateCounter
#
UpdateCounter ( State: BCellState ): action is
Spaces int = ?2;
if State != StateDead then
truncate (sim.BCellStateCounters[State],0);
Spaces := 3 - (trunc (log sim.BCellCounts[Statel));
for i: each 1..Spaces do
push (sim.BCellStateCounters[State], 32);
format (sim.BCellStateCounters[State], sim.BCellCounts[State]);
# outln("Format: ", State,"='", sim.BCellStateCounters[State],"'");
#
# CountState
#
CountState( OldState: BCellState, NewState: BCellState ): action is
sim.BCellCounts[OldState] := sim.BCellCounts[OldState] - 1;
if sim.BCellCounts[OldState] < 0 then
outln ("Error: State ", OldState, " count negative: ", sim.BCellCounts);
sim.BCellCounts[0OldState] := 0;
sim.BCellCounts[NewState] := sim.BCellCounts[NewState] + 1;
if (NewState != StateDead) & (sim.BCellCounts[NewState] > sim.BCellTotalCount) then
outln ("Error: State ", NewState, " count above limit ", sim.BCellTotalCount,": ", sim.BCellCounts);

sim.BCellCounts [NewState]

UpdateCounter (OldState) ;
UpdateCounter (NewState) ;

B

Depiction

sim.BCellTotalCount;

depict (sim.View, var offset by(rotate(Shape, 0.0, 0.0, var (Orientation)), var Pos.x, var Pos.y));
#

# Initialization

#

State := InitialState;

IncrementBCells () ;

sim.BCellCounts[State] := sim.BCellCounts[State] + 1;

UpdateCounter (State) ;

Life BCelllLife[InitialState];
InsertCluster (Pos);

#
# Action

#

# PrintAntibody ("New ");

for every true do
# PrintAntibody ("Main") ;

We should only expire as a Naive,

#
# Wait an amount of time based on our current state.
# gracefully from the world.
# all others are transition states.
#
for i: each 1.. BCellWait([State] do
wait(1.0);
Life Life - BCellWait[State];
if Life <= 0 then

# PrintAntibody ("Dead") ;
CountState (State,
DecrementBCells () ;

StateDead) ;

If we expire,

then purge ourselves
Plasma or Antibody or Consumed cells;
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RemoveFromList (Hood.BCells) ;
RemoveFromList (sim.BCells) ;

#
# There currently is no way to remove the depiction of a dead actor from a
# view. To work around this, we move the actor to a graveyard position that
# is outside the normal view area we use. We also add them to a dead list
# for potential recycling.
#
AddToList (sim.DeadBCells) ;
Pos.x := sim.GraveyardXPos;
Pos.y := sim.GraveyardYPos;
wait (1.0);
terminate () ;
#
# Default is to move at the end of the state processing.
#
Move := true;
#
# Perform whatever we're supposed to in our current state and handle state transitions.
# Note: select/case isn't implemented, so we handle via a series of conditions.
#
if (State = StateNaive) | (State = StateAntibody) | (State = StateMemory) then

#
# Naive, Antibody and Memory
#
# These cells behave very much the same in our model: they look in their immediate
# neighborhood for antigens within the affinity threshold and bind with the best
# match with a probability proportional to the affinity (which provides the element
# of competition between cells).
#
if (IsBound = false) & ((length Hood.Antigens) > 0) then
Distance :: number := sim.SpaceMaxDistance;
TempDistance :: number := ?;
#
# Search our neighborhood for an antigen that is within the affinity threshold.
#
BoundAg := nil;

for Ag: each Hood.Antigens do
if Ag.IsBound = false then

TempDistance := GetSegmentDistance (Antibody, Ag.Epitope);
if (TempDistance < sim.AffinityThreshold) & (TempDistance < Distance) then
Distance := TempDistance;

BoundAg := Ag;

If we found an antigen to bind with, determine the probability of a bind occuring
based on our proximity to the affinity threshold. Given that d < AffinityThreshold,
the probability of binding in this time unit is Pr[bind] = 1 - d/(2*Affinity). A
distance of zero means we always bind. The probability is then always in the range
of 1.0 to 0.5 for our affinity from exact match out to the limit.

This is adjusted based on the number of other B-cells in the cluster to model the
differing attractions and competition between cells based on the following:

Pr[bind] = trunc(Pr[bind] - (0.99-1ogl0(n)))
The adjustment adds .99 when there is a single cell (no competition) which ensures

we always bind, decreasing logarithmically to ~0 at 10 cells. At 30 cells, the
adjustment is .5 which means cells with the weakest affinity will not bind.

B e e e

if BoundAg != nil then
Pr :: number := 1 - (Distance/ (sim.AffinityThreshold*2));

Adjust based on the number of B-cells in the cluster. This may result in negative
probabilities so we invert our usual condition so that these are equivalent to zero.

S S o e
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H W

:= (trunc (Pr - (0.99 - log length Hood.BCells)));

The process of binding with an antigen triggers its countdown to termination

(l-random(uniform, 0, 1.0)) > Pr then

# PrintAntibody ("Bind");

# outln(" Ag=", BoundAg.Id, " Seg=", BoundAg.Epitope, " Dist=", Distance);

We successfully bound. If we're an antibody (not a real B-cell) then we
transition into the consumed state where we hangout until our life expires.
On cell follows the traditional path of

A memory cell that binds divides.

a mutation path back to a naive cell.

s

if State = StateAntibody then
CountState (State, StateConsumed) ;
State := StateConsumed;
else
if State = StateMemory then
for i: each 1..sim.BCellMemoryClones
CloneBCell (StateSecondary) ;

CountState (State, StateBound);

State := StateBound;

BoundAg.Pos.x := Pos.x;
BoundAg.Pos.y := Pos.y;
BoundAg.Orientation := Orientation;
BoundAg.IsBound := true;
BoundAg.Life := BCellLife[State];
IsBound := true;

Move := false;

else
if State = StateBound then

#
# Bound
#
# Bound B-cells consume the antigen and become an anti
# fragments on the surface.
# which also recognizes the same antigen.
# and instead move straight to the stimulated state.
# point because we triggered its destruction above.
#
CountState (State, StateStimulated);
State := StateStimulated;
else

if State = StateStimulated then

a bound cell (since we don't have a stimulate process), the other follows

do

gen presenting cell bearing antigen

Normally we would wait until we are stimulated by a T-cell
We don't currently implement this process

The antigen is consumed at this

#
# A stimulated cell divides, each of which becomes either a plasma or memory cell.
#

for i: each 1..sim.BCellActiveClones do

CloneBCell (StateActivated) ;
CountState (State, StateActivated);
State := StateActivated;

else
if State = StateActivated then

#
# Differentiate into either a memory or plasma cell.
#

if random(uniform, 0, 1) < sim.ProbMemoryCell then
CountState (State, StateMemory) ;
State := StateMemory;
# PrintAntibody ("Mem ") ;
else
CountState (State, StatePlasma);
State := StatePlasma;
# PrintAntibody ("Plas");

Life := BCellLife([State];

These start off new lifetimes.
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else
if State = StatePlasma then

Plasma

Plasma cells generate large quantities of identical antibodies during their
relatively short lifetime. In our model, antibodies are just inactive B-cells
which simplifies processing. Each antibody is created nearby in some random
direction from our plasma cell.

S S 9 Sk S S 3

for i: each 1..sim.AbProductionRate do
CloneBCell (StateAntibody) ;
wait (1.0);

else
if State = StateSecondary then
Secondary

Secondary response cells are the result of activated memory cells. We go through a
probabilistic mutation on our way to becoming a naive cell.

H 3 9 HE e

if random(uniform, 0, 1.0) < sim.ProbMutation then
Antibody := GetNearAffinitySegment (Antibody) ;

CountState (State, StateNaive);

State := StateNaive;
#
# Should we move? Some states we like to leave put for a while (like right after we
# bind) . But for the most part we like to move (and potentially update our cluster).
#
if Move then

Orientation := GetRandomHeading(Orientation);

Pos := GetRandomMove (Pos, Orientation);

MigrateCluster (Pos) ;

#
# Antigen
#
# Currently antigens have only a single epitope which simplifies tracking of bind state
# and improves performance.
#
Antigen( InitialEpitope: Segment, InitialPos: Position): actor type is

Id :: int := GetAntigenId();

Epitope :: Segment := InitialEpitope;

Pos :: Position := InitialPos;

Shape :: drawing := paint (AntigenShape, GetSegmentColor (Epitope)) ;

Orientation :: direction := random(uniform, 0, 2*pi);

IsBound :: boolean := false;

Life :: number := 0;

Hood :: Cluster := ?;

#

# Depiction

depict (sim.View, var offset by(rotate(Shape, 0.0, 0.0, var (Orientation)), var Pos.x, var Pos.y));

#

# PrintAntigen

#

PrintAntigen( Desc: string ): action is

outln("Ag ", self.Id, " ", Desc, ": Seg=(", self.Epitope.x, ",",self.Epitope.y,",",self.Epitope.z,")
Pos=(",
self.Pos.x, ",", self.Pos.y, ") Hood=", self.Hood.Id);

#
# Initialization
#

IncrementAntigens () ;
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InsertCluster (Pos);

#

# Action

#

# PrintAntigen ("New ");

for every true do

# PrintAntigen ("Main");

N

if IsBound = true then

# PrintAntigen ("Dead") ;
DecrementAntigens () ;

RemoveFromList (Hood.Antigens) ;
RemoveFromList (sim.Antigens) ;

for potential recycling.

e e

AddTolist (sim.DeadAntigens) ;
Pos.x := sim.GraveyardXPos;
Pos.y := sim.GraveyardYPos;

for i: each 1..Life do
wait (1.0);

terminate () ;

#

# In an unbound state, we wander aimlessly through our

#

Orientation := GetRandomHeading (Orientation);

Pos := GetRandomMove (Pos, Orientation);
MigrateCluster (Pos) ;
wait (1.0);

An antigen is passive in this model. We exist until we are bound after which we die.
IsBound and Life are set by the B-cell during binding.

There currently is no way to remove the depiction of a dead actor from a
view. To work around this, we move the actor to a graveyard position that

is outside the normal view area we use. We also add them to a dead list

95-755: Advanced Security Topics Final Report

29



