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Abstract: Physical modeling of the functioning of the adaptive immune system, which has been
thoroughly characterized on genetic and molecular levels, provides a unique opportunity to define
an adaptive, self-organizing biological system in its entirety. This paper describes a configuration
space model of immune function, where directed chemical potentials of the system constitute a space
of interactions. A mathematical approach is used to define the system that couples the variance of
Gaussian distributed interaction energies in its interaction space to the exponentially distributed
chemical potentials of its effector molecules to maintain its steady state. The model is validated by
identifying the thermodynamic and network variables analogous to the mathematical parameters
and by applying the model to the humoral immune system. Overall, this statistical thermodynamics
model of adaptive immunity describes how adaptive biological self-organization arises from the
maintenance of a scale-free, directed molecular interaction network with fractal topology.

Keywords: system; network; chemical potential; thermodynamic activity; antibody; self-organi-
zation; fractal

1. Introduction

Macromolecules, and, in particular, proteins, have evolved as part and basis of the
evolution of life. The diversity of proteins reflects the diversity of life itself, while the tree
of evolution of proteins reflects the evolution of life [1]. Proteins serve to build (structural
proteins) and operate (enzymes, transporters, regulators, secretions) an organism. For all
these functions, it is necessary for proteins to interact with other molecules, from metal ions
through small molecules to other macromolecules. Beyond spatial arrangement, that is, the
necessity of being at the same place at the same time, interactions require thermodynamic
probability for the binding. In other words, the system searches for a free-energy-minimum
state while proteins sample interacting partners. This, in turn, means that most proteins
have energy minimums in a bound state. The evolution of proteins from this aspect is
the search for binding partners; genetic changes resulting in new, modified proteins are
sustained if the binding is advantageous for the survival of the organism. Since paired
interactions create networks of interactions, evolutionary processes are constrained by
energy transduction networks [2]. These biological networks may mediate metabolic
fluxes [3], protein interactions [4] or information in neural networks [5].

The functioning of the adaptive immune system is based on the directed evolution
of proteins, called antigen (Ag) receptors, of lymphocytes [6,7]. In its essence, the adap-
tive immune system is a catabolic system; it removes molecules and cells from the body
based on molecular, immunological instructions. Humoral adaptive immunity utilizes
glycoproteins called antibodies (Abs) for tagging targets for removal [8]. Abs, unlike all
other somatic proteins, are not encoded in the genome but are produced as a result of
genetic recombination and mutation events during our lifetime (sometimes referred to as
accelerated evolution). The role of the immune system is to drive and direct the evolution
of these molecules so as to maintain the molecular and cellular integrity of the host; this is
what we call immunity. As a result, millions of distinct Abs are produced constantly in our
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bodies, removing cellular debris, maintaining balance with the microbiota and fending off
invading agents [9].

On the molecular level, these immunological events have been characterized in detail;
however, the systems-level understanding and physical description of the self-organization
of the adaptive immune system are still incomplete. Since the adaptive immune system
is a bona fide, complex, adaptive system, considering its number of elements, its diversity
and its self-organizing capability, this bigger picture can be approached by characterizing
immunological phenomena using the terminology of the physics of complex systems and
mathematical models. Following the pioneering work of Perelson [10-12], the application of
physical and mathematical models for the answering of questions about immune repertoire
size and diversity and lymphocyte population dynamics, immunological memory has
regained interest [13-17]. Here, I attempt to combine chemical thermodynamics with
network theory, building up a model that is consistent with a novel technological approach
to serum Ab reactivity measurement [18]. The basic concept of this model was introduced
in previous papers that showed how stages of B-cell differentiation correspond to the
generation of a thermodynamic system and a network of interactions [19,20]. In this paper,
we first define the biological system as a configuration space using physical chemistry
in order to identify analogues of cells and molecules in a physical system. Then, we use
the mathematical description of the system to derive the architecture of the hierarchical
network that governs Ag transport in a stationary state of the system. Finally, we discuss
the model from the perspective of immunology, physical chemistry, network science and
the physics of complex systems. The mathematical approach described connects these
fields of science and, therefore, contributes to the quantitative, biological understanding of
an adaptive biological system.

2. Materials and Methods

A mathematical approach was used to examine exponential, Gaussian and power
law functions that serve as the basis of the proposed theoretical model; transformations of
these functions revealed the relationships between thermodynamic, network science and
immunological concepts building on such functions. The revealed analogies were used for
validating the model.

3. Results and Discussion

The following sections first outline the theoretical aspects of the model and describe
the mathematical approach taken. Then, support for the validity of the mathematical
approach is provided by identifying the thermodynamic, network and immunological
phenomena explained by the model.

3.1. Compartments of the System

Throughout the article, we examine the adaptive immune system in an abstract
space called configuration space. Configuration here refers to the arrangement of all the
constituent Abs in a system of interacting molecules. A general Ab structure is modified by
the arrangement of atoms that contribute to the binding site of the Abs, creating a huge,
conformational landscape. Since the formation of non-covalent bonds between interaction
partners requires shape congruency, arrangement in this space determines both Ab and
Ag structure and binding specificity and strength. The manifold enclosing components
of the immune system in this configuration space thus define both Abs and Ags. In this
space, cells and molecules of the immune system, corresponding to clones bearing or being
a particular Ab, respectively, are positioned according to their potential to interact with a
target and in the direction of the target. The interaction potential is the chemical potential
of the Ab in body fluids. Targets are Ag molecules that drive the evolution of the system.
Considering a three-dimensional Euclidean space as the configuration space of the system,
target Ag shapes—epitopes—form a continuity on an imaginary, spherical canvas enclosing
the system (Figure 1).
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Figure 1. Compartments of the self-organizing system shown schematically in two scales: (A), energy
scale, (B), thermodynamic activity scale. System core is blue, arrows represent chemical potentials of
system components in interaction space, shown in green. Arrows represent vectors with the length
as chemical potential and direction as specificity. G, Gibbs free energy; S, entropy; T, temperature;
E, energy.

From a physical point of view, the system is embedded in a reservoir, which serves as
a heat and particle bath; this is the host organism that maintains constant temperature and
pressure of the system. The system is in a stationary state in the sense that it is constantly
dispersing energy while maintaining its state functions. Overall, we can regard the system
as an ensemble of overlapping and hierarchically arranged thermodynamic ensembles.

We consider three compartments in our configuration space model: 1. the core of the
system, surrounded by the core surface; 2. interaction space around the core, extending
from the core surface to the system surface; and 3. the system environment (surroundings)
beyond the system surface. We use two scales for examining and visualizing the system:
the energy scale (Figure 1A), which is the logarithmic form of the interaction probability,
or the thermodynamic activity scale (Figure 1B). The system core contains the concep-
tual energy source of the system that is located in the origin of the configuration space.
Events within the core, therefore, can be thermodynamically unfavorable, consuming
energy to maintain a continuous supply of particles in the interaction space. The core
surface is spherical and is characterized by system components with average molecular free
energy .

The system is composed of Ab and Ag molecules. B cells, which carry sequence infor-
mation, at various stages of differentiation, determine Ab structure and define clonotypes.
Soluble Abs released by B cells mediate energy transfer by binding and releasing Ags. En-
ergy corresponds to Ag molecules, which are transferred from lower- to higher-affinity Abs,
with a corresponding decrease in the system free energy. These constituents are present
both in the core and in the interaction space. Interaction space is defined and confined by
the totality of chemical potential vectors, each of which represents the interaction energy
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of a particular Ab clonotype. Radial geometrical distance in this configuration space is
measured in units of chemical energy per molecule or chemical potential, while vector di-
rections identify Ag structures and molecular shapes in the surroundings. From a network
point of view, in the humoral adaptive immune system, nodes are basically Ab molecules,
while links represent Ab structural similarities and, thereby, represent potential pathways
of Ag transport.

3.2. Principle of Self-Organization

Self-organization is the ability of a system to arrange its constituents so as to adjust to
its environment and also maintain a responsive state. Self-organizing systems tend to reach
an optimal state associated with minimal interaction and dissipation [21-23]. The immune
system adjusts the quality (intensive physical property) and number of molecules (extensive
physical property) in the host by the coupling of a sensor and an effector mechanism [20].
The sensor mechanism is a B cell that survives only in the presence of signals triggered by
the target molecule via an Ab displayed on the cell surface. The effector mechanism is the
generation of molecules, soluble Abs, that bind both to the target molecule and to cells that
remove the resulting complexes. Coupling means the balanced adjustment of the chemical
potential u of the Abs on the sensor surface and of the effector molecules against that
molecule species. Biologically, it means that the sensor and effector B cells are genetically
closely clonally related, expressing identical or similar Abs either on their surface or as
secreted components. Relations in terms of network connectivity are determined not only
by similarity but also by the similarity of interaction partners [24]. In the case of the
humoral immune system, this means that Abs that are clonally not or only distantly related
may contribute to the binding and elimination of a given Ag molecule. In other words,
in a subnetwork of the system dedicated for a given Ag, distinct Ab clonotypes may be
linked together in the network of Ag transfer pathways. The concept of clone sizes and
corresponding Ab chemical potential and Ag thermodynamic activity, with corresponding
chemical potentials, can be visualized by activity maps and energy diagrams (Figure 2).
The thermodynamic activity of a particular Ab clone is related to the frequency of the cells
belonging to that clone (clone size) and the serum concentration of Abs. The chemical
potential of an Ab is the logarithm of its activity. Similarity is represented by the topology of
the activity map, with closely related clones being neighbors. The thermodynamic activity
of an Ag is related to its ability to stimulate the immune system and the corresponding
chemical potential is its logarithm. Again, structural similarity is represented by location in
the activity map.

Effector cells (plasma cells) secrete Abs, which bind Ags with an efficiency determined
by chemical potential and Ab concentration. During the active phase of the immune
response, the chemical potential of the effector molecule is raised, and more bound Ag is
removed from the system. At the same time, the coupled increase in the sensor sensitivity
allows the cell to survive in the presence of less Ag, and a steady state with higher chemical
potential is established. The active phase of the immune response is followed by contraction,
wherein memory cells, the long-lived sensors and effectors of the system, are selected and
maintained. We assume that, in the resting phase of the immune response, a steady state is
maintained regarding Ab and Ag concentrations. Since several different Abs with distinct
chemical potentials may contribute to Ag free-energy adjustment, the system selects clones
with the chemical potential and concentration required. Our argument here is that this
selection process is governed by thermodynamic rules.

The cells of the adaptive immune system, a tissue that penetrates the whole organism,
possesses a unique property that no other cells have; lymphocytes are capable of directing
the evolution of proteins within the organism [15]. These proteins, called Ag receptors,
are generated by genetic recombination and mutation and selection events, resulting in a
diversity that well exceeds the diversity of all other proteins in the organism. Depending
on the size of the host, lymphocyte numbers are in the range of 108-10'? cells [25,26].
Generation of diversity is a random molecular process, while the function of the adaptive



Biophysica 2023, 3

235

A

immune system is to adjust, by cycles of division and checkpoints of selection, lymphocyte
specificity and affinity. These two features correspond to the direction and length of the
vector in the configuration space. A steady state, which is immunological rest in our
system, is reached by the adjustment of an intensive and an extensive property. The
intensive property is the chemical potential of Abs, determined by a cell’s genes and the
Ab sequence and structure. The extensive property is diversity and numerosity of Abs, the
coverage of the conformational space of the system surface (Figure 1). Thus, in a broader
sense, balancing is between molar free energy and system entropy.
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Figure 2. Activity and energy diagrams of antibodies and antigens. Thermodynamic activity, chemical
potential and structural similarity appear in activity maps (A) and energy diagrams (B) for antibody
(blue) and antigen (red). Square areas in the map represent activity; neighborhood distance (blue
double arrows) means similarity. (C) Higher chemical potential results in better Ag-binding efficiency
for effector Abs and higher Ag sensitivity for sensor Abs. Removal of Ags lowers signaling in sensor
B cells; sustained Ag presence and immune stimulation triggers sensor B cells and triggers generation
of effector Abs.

Self-organization also maintains responsiveness in the system. In our case, it is
maintained by the sensors, B cells displaying membrane-bound Abs, that are able to initiate
an immune response and, thereby, reset the chemical potential of both sensors and effectors
and lead to the reorganization of local hierarchy in the system. Activity maps and energy
diagrams in this paper, therefore, represent a particular point in the lifetime of a highly
dynamic system.

3.3. Architecture of the System

The immune system is theoretically capable of interacting with any molecular structure.
This means it takes up volume in all directions of Ag space, creating a spherical core
(Figure 3). It has to allocate its limited resources for the generation of particles in the
interaction space in the most energy-efficient way. Therefore, it is split up into a number of
thermodynamic ensembles, distributing its resources between these. A particular ensemble
is directed against a particular target epitope, adjusting its properties to attain a steady state.
Because resources of the system are finite, ensembles compete for them and may overlap,
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cluster and form hierarchies. At any one moment in time, the distribution of the state of
the ensembles is the distribution of chemical potentials and their way of sharing system
energy. The configuration space of the self-organizing system is a systemic ensemble in
the sense that it is a collection of coexisting grand canonical ensembles, each ensemble
responding to a different antigenic component of the environment. In the vector space of
the chemical potentials of the system, the location of each ensemble identifies a particular

direction, representing the potential energy of the interaction with the particular part of
the environment.

Ag surroundings

interaction

ol Ho
\_‘/ ¢onformational

distance

Figure 3. System organization by mixture of exponential and normal distributions, shown in energy
scale. Green and yellow double arrows correspond to the green and yellow normal distributions sam-
pled from the interaction space with exponentially distributed variance. The self-organizing system
(Ab system) comprises units (Abs) capable of interacting with the surroundings (Ag surroundings).
The free energy of the interactions has normal distribution on a system level. Organization is the
adjustment of variance of interaction energy in response to thermodynamic activity of Ag so as to
maintain the system. G, intensive free energy.

The probability density function of absolute thermodynamic activity A of elements of
the system, as determined by chemical potentials pap~In(Ap), can be modeled by a mixture
of exponential and lognormal distributions, as proposed in the RADARS model [27]. The
model is based on the assumptions that:

1. Chemical potentials of Ags in the interaction space, corresponding to the molecular
free energy of the interactions of the system with the surroundings, are distributed
exponentially, similar to a Boltzmann distribution;

2. Equilibrium binding constants of Abs are distributed lognormally [28], with a corre-
sponding normal distribution of molar free energies of binding;

3. The immune system arranges and adjusts Ab chemical potentials to maintain a
steady state.
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The mixture of exponential and lognormal distributions, which we use here with the
following parametrization, was described by Reed [29] and Mitzenmacher [30] as:

(InA)?

L 0

\/2mu A°

p) = [ e

where:
o is the rate of the exponential distribution of chemical potential of Ag;
A is the absolute thermodynamic activity of Abs;
u is the chemical potential of Ag, the distance from average chemical potential .
Solving the integral (see Appendix A), the result is a power law function for A <1,
that is, for the system core,

p(Aap) = Va/2A 4 V2! @)

Whereas, for A > 1, that is, in the interaction space,

p(Aap) = Va/2A 4 V21 3)

These functions are the probability densities of the absolute thermodynamic activity
of Abs in the system and also define a network of interaction pathways. Thermodynamic
activity corresponds to the degree of nodes in the sense that it represents the probability
of interactions. The exponent of network node degree distribution, —(v/2a + 1), is thus
determined by the rate of the exponential distribution of the chemical potential of Ag
molecules, «, generating the interaction network.

3.4. Architecture of Interaction Space: A Hierarchical, Scale-Free Network

Interaction space spans the range of interaction energies between 1y and the upper
limit of non-covalent binding energy. This is the space where effector Abs establish a
network of interactions for Ag transport. For the description of interaction space, we can
use another mathematical approach, the combination of exponentials, as suggested by
Reed [31] and Newman [32]. Reed proposed that, when observing exponential growth
after an exponentially distributed time, the process exhibits power law behavior. Here,
we consider the exponential relationship between Ag chemical potential and the absolute
thermodynamic activity of Abs combined with the exponential distribution of the chemical
potential of Ags. In terms of molecular interactions, the former is the relationship between
the free energy of the molecule and the number of different states of binding. Since a greater
surface area, or more non-covalent bonds available for binding (greater buried surface area
in the bound molecule), corresponds to greater free energy, absolute thermodynamic activity
is a summation of the number of ways of interaction. For a given molecule, therefore, it
is the number of links to other molecular structures with shared binding properties, an
expression of similarity in reactivity. The combination of exponentials with the generation
of networks can be illustrated by the overlay of activity maps (Figure 4) and the mapping
of the pathways of Ag flow.

Again, we assume that the chemical potential p of Ags is distributed exponentially
when the immune system is in a resting, steady state.

p(VAg) — pe *Hag (4)
If the absolute thermodynamic activity A of Abs is related to Ag chemical potential as

Aap = pePhas ®)
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then the combination of these exponential functions, the distribution of Ag chemical
potential and the thermodynamic activity of Abs is given by

dppg  we iz g 18

_ L —1-
p(Aap) = p(pag) dAay — pePras - B/\Ab "= B)\Ab

p ©)

In other words, the combination of the exponential distribution of the chemical po-
tential of Ag and the exponential relationship between Ag chemical potential and Ab
thermodynamic activity determines properties of the energy transduction network and
is defined by the power law distribution of Ab thermodynamic activity. Of note, this
expression is an alternative to the system equilibrium binding constant Ksys used in a
previous publication [27]. The value of Ay, reflects the number of pathways a single bond
can evolve into a full binding surface and is, therefore, the number of links to nodes lower
in hierarchy. Absolute thermodynamic activity thus corresponds to node degree, and its
distribution determines network node degree distribution in the system.
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Figure 4. Schematic organization of antigen transfer networks and network hierarchy of molecular
interactions. (A) By first overlaying the activity maps of antigens (red grid) and antibodies (blue grid),
we obtain network nodes. Nodes (red dots, shown only for highlighted box) are assigned to each box
in the overlayed maps. (B) Nodes are sequentially linked within each red box by applying grids with
increasing side length and joining nodes in smaller boxes to nodes in the biggest box until all nodes
with the red box are linked. Node hierarchy resulting from own links (blue) and renormalization
links (red) are shown in energy diagrams for the shaded red box. (C) Minimal (upper diagrams) and
maximal (lower diagrams) binding energies associated with the network nodes are characterized by
and o values, respectively, and represent intersections and the unions of conformational entropy of
Ab-Ag interactions.
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Beyond relating Ab and Ag thermodynamic properties, the value of 3 influences how
nodes are linked during renormalization. Increasing ot/ 3 is accompanied by an increasing
hierarchy of sub-nodes (Figure 4). From Equation (6), we can see that, in order to keep the
value of degree exponent between 2 and 3, the scale-free network regimen, ot/ 3 should be
in the range 1 < oo/ 3 < 2. Comparing Equation (6) and Equation (3), we can see that

Y i . D
p(Aap) = V2aA V2 = B/\Ab T )
Therefore, p = /a/2 and
% — V2 ®)

meaning that the assumption of normally distributed energies with a variance of 1 restricts
the possible values of 3, and the value of « alone, via determining the distribution of Ag
chemical potentials, determines the distribution of Ab thermodynamic activity and the
degree distribution of the Ag transport network.

3.5. Distribution of Energy by Links in the System

The humoral adaptive immune system is a transport system for Ag molecules. The
flow of Ag molecules in the interaction space of the system, resulting from a concatenated
series of interactions, is an energy transduction process. As an Ag molecule is transferred
from a lower-affinity Ab to a higher-affinity Ab, the free energy of the system decreases. We
may examine in the system the pathways of energy transduction by assigning direction and
weight to links. The direction of Ag transport is from lower to higher chemical potential,
so links are always directed to nodes with a higher degree. We can assign to each link the
chemical potential difference between the two nodes connected by the link. The molecular
basis of this assignment is the capability of Abs to take over Ag from weaker binders (lower
chemical potential). As Figure 4 suggests, renormalization results in the joining of links
with lower weight to higher-energy nodes, with hierarchy being inversely related to link
weight. The number of links assigned to a chemical potential energy level is the sum of
in-degrees of the nodes of that level. The average number of interchangeable links to nodes
of a given chemical potential can be obtained from the relative number of direct links
[ and the rate variable of the distribution of Ag chemical potentials o as

By
gu = extn ©)
This value is the degeneracy g of the energy level. Links of identical chemical potential
leading to the same node are interchangeable; they represent degeneracy in binding states.
The total number of accessible states or molecular partition function Z is given by the
integral of the product of Equation (9) and the exponential distribution of Ab chemical
potential obtained from the distribution of thermodynamic activity in Equation (6) as

" _(a_t
z= [ zyan = [ gup(uan)dn = [ 5= (10)

In other words, with increasing node chemical potential, the increase in activity of
the nodes is limited by the number and weight of incoming links, as determined by the
hierarchy of sharing interaction energies. The logarithm of the weighted probabilities of
interactions in the energy shells, of the number of microstates the system ranges over, is a
thermodynamic potential, entropy (S). For a system consisting of N elements, the entropy
can be obtained from the partition function as

S= % + NkglnZ (11)
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where U is internal energy, T is thermodynamic temperature, kg is the Boltzmann constant
and N is the number of particles in the system. An ideal state of the system is described by
(B/a)u — (a/B)u = —p, thatis, when o/ = 1.618 ... , the golden ratio (19). The number
of accessible states, Z},, as a function of Ab chemical potential in this configuration, is
given by

Zy, =e M4 (12)

and describes energy transport in an ideal, stationary state, supported by a golden network
with an optimal balance between increasing node energy and the sharing of transport.

3.6. Thermodynamic Validation of the Model

The mathematical constructs obtained from the model so far can be corroborated
by understanding the physical meaning of the variables « and . Zheng and Wang
proposed [28] that the distribution of the equilibrium binding constant is related to the
conformational space available at the given temperature and thermal fluctuation, which
is, in turn, related to the heat capacity and flexibility of the molecules [33-35]. A more
flexible interaction allows for the binding of Ag to distinct Ab clonotypes, exploring greater
conformation surface, while a rigid Ag epitope shows stronger preference for a single
clonotype. On the other hand, distinct, flexible Ab clonotypes may bind to the same Ag,
their probability-weighted chemical potentials determining the average binding energy of
Ag. A higher value of «/f3 thus corresponds to greater flexibility and binding promiscuity,
and the tail of the distribution becomes flatter; the probability of high-affinity interactions
in a steady state decreases (Figure 5).

In analogy to the heat capacity ratio, which relates heat capacity at constant pressure
to heat capacity at constant volume,

cp _ (3#)
oy (w
oT

cvi( )

The ratio of ot/ defines a binding flexibility ratio in configuration space where

o 1), »
i),

This relates binding flexibility to chemical potential 1, kept constant to flexibility with
number of system elements N kept constant, in the following sense: The partial differential
expression in the numerator describes the extent of conformational surface S explored
by Ag molecules when these molecules are provided by the surroundings so as to keep
chemical potential p constant. The expression in the denominator describes the potential to
explore the conformational surface due to thermal fluctuation T; when no extra molecules
are supplied, N is invariant. The immune system is, indeed, capable of fine thermodynamic
tuning of the interactions of its Abs by selecting the structure with appropriate flexibility
by isotype switching and affinity maturation and by targeting selected Ag epitopes. The
regulation of these Ab properties for each and every Ag is the essence of controlling
Ag concentrations.

If we regard blood plasma as an open, single-phase, multicomponent system, we can
use a thermodynamic potential for the description of energies related to Ab—Ag interac-
tions. Following the nomenclature used by Emmerich [36] for a thermodynamic potential
expressed for extensive entropy,

= (13)

P
14

A:S+Z%Ni (15)
i
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Figure 5. System properties as determined by the binding flexibility ratio ot/ 3. The relative arrange-
ment of two binding ensembles, here represented as cones, in interaction space is shown. The effects
of increasing the value of the ratio, exerted via increasing a (red) and 3 (blue), on the coverage of the
conformational entropy surface is depicted by the base of cones and their overlap. The distribution of
chemical potentials (solid line) and of partition function (dashed line) is shown against a reference
exponential distribution (filled gray) with exponent —1. The distribution of network node chemical
potentials, corresponding to Ab chemical potentials (solid purple), and of link chemical potentials,
corresponding to Ag chemical potentials (dashed red), for different values of the ratio are shown
against the reference exponential distribution in gray. The bottom row is the schematic topology of
networks for the three different values of «/3 ratio shown at the top. The relationship between « and
{3 is defined by Equation (8). p(uap), probability density of Ab chemical potential; g,,p(1ap), product
of degeneracy and probability; N, number of nodes or links with given chemical potential; N, total
number of nodes or links; y, chemical potential.

Thermodynamic potential A summarizes the essence of the adaptive thermodynamic
system: create a large conformational landscape (conformational entropy S) and generate
N elements with chemical potential p expressed as the ability to cover conformation space,

S

SN- T (16)

Equation (16), in our model, states that the addition of molecules to the system changes
the conformational entropy according to the molecular free energy p per unit temperature
T. We can replace the summation in Equation (15) with the probability-weighted sum
of chemical potentials, which is the average chemical potential (i), and combine with
Equation (11) in the form:

A= N(kBZnZ n <%>) (17)
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Thus, the thermodynamic potential A of Abs depends on their number N, the number
of interactions they can engage in, summarized in Z, and their average chemical potential.
The configuration space model introduced here arranges constituents of the system based
on their “power” to change other constituents’ chemical potential. This power is reflected
in the topology and network linkage of constituents. In a stationary state, the distribution,
and, thereby, the average chemical potential of all Ag molecules, is kept constant, adjusting
binding energy that tickles but does not activate sensors, memory or naive B cells. This is
achieved by setting a chemical potential that immunologically suits the host: low chemical
potential for harmless self molecules, high chemical potential for dangerous non-self
molecules. Concentrations of targets are then adjusted accordingly, meaning that Ags with
high chemical potential are eliminated with higher efficiency. The process leads to a wide
range of chemical potentials of Ags and Abs in the system. A theoretical, system-wide
steady state is reached when Ab free energies are distributed exponentially. In the ideal
configuration of Equation (12), the partition function Z is equal to one; thus, Equation (17)
simplifies to the product of element number N and the average chemical potential.

Self-organization of the system refers to how many Ab molecules are generated and
how Ab chemical potentials are distributed. In a thermodynamic steady state, the system
minimizes free energy and maximizes entropy; this state can be described by statistical
mechanics functions. The adaptive, self-organizing biological ensemble is a co-existing
collection of large numbers of copies of states, with a regulated total extensive free energy G
and a composition that may fluctuate with the distribution of chemical potentials adjusted
via network formation (Table 1). In immunological terms, in order to reach a steady state,
the chemical potential of Abs in the system has to be tuned with regards to all potential
binding partners, not just the Ag that triggered a response. The pathway to reaching the
steady state is the selection of Abs (cell clones) that fit into a previously organized network.
Steady state is reached when the system, again, possesses an extensive free energy G that
continuously drives the binding of Abs to Ags.

Table 1. Comparison of physical ensembles.

Ensemble Constant ! Adjusted
microcanonical E microstates
canonical T E
grand canonical T u E,N
adaptive biological G/T=YNu/T n/T,N

1 Pressure is assumed constant in all these ensembles.

The biological, self-organizing system diversifies its tool of energy transfer, Ab molecules
in our case, adjusting the distribution of chemical potentials so as to maintain the system
against forces of change in the environment. By deploying mechanisms to sense the free
energy of constituents in the environment, the system can adjust, readjust and evolve with
the environment.

3.7. Immunological Validation of the Model

The humoral immune system must regulate, over a very wide range, the concentra-
tion of a vast number of molecules that are found in and constitute an organism. How
it is technically possible to eliminate certain molecules while leaving others unharmed
has led to the long-standing question of tuning recognition specificity and affinity [37],
breadth and depth [38]. The solution provided by an adaptive immune system appar-
ently requires a scale of numerosity, diversity and affinity comparable to that found
in the organism—or, more accurately, the supraorganism [39]—itself. A mechanistic
approach to the feedback and tuning procedure, based on saturation of Abs and Ags,
was proposed in a quantitative model of B-cell development and Ag removal [8,40]. The
model treated distinct molecules independently, neglecting the effect of cross-reactivity
but, nevertheless, providing a general framework for understanding the system. On the
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level of individual cells, the level of engagement of Ag receptors determines the cell’s
fate: programmed death, survival, proliferation or differentiation. An initial repertoire of
naive cells, which are constantly generated, displays receptors produced by the random
rearrangement of gene segments and subsequent selection steps. The immunologically
controlled encounters of these cells with the Ags of the inner and outer environment lead
to the expansion and differentiation of clones according to the immunological ranking of
the target Ag. These processes are happening continuously, manifesting as the adapta-
tion of the system to the antigenic environment or, in other words, as self-organization.
As aresult, a repertoire of memory B cells and long-lived plasma cells is produced, which
reflects past adaptation and serves as the basis of further evolution in response to the
environment [20,41].

The present model identifies variables that characterize network formation and define
the system on a thermodynamic basis. Both Abs and Ags are cross-reactive, being able to
bind multiple partners. The average binding flexibility or cross-reactivity on the system
level manifests as the slope of the distribution curves when a logarithmic scale is used
(Figure 6). Changing the slope of either influences the other via self-organization, as
described above. Complexes of Abs and Ags are constantly removed from the system via
cells with Ab Fc receptors. Changes in the composition and availability of Ags trigger
the activation of sensor cells, leading to readjustment of the properties of the repertoire
(Figure 6). It is tempting to speculate that the local hierarchy of binding has important
immunological consequences; minimal hierarchy would result in a “powerful” Ab response,
in the sense of high-affinity binding and appropriately switched Ig isotypes, such as
an allergic IgE response. With the application of novel tools for the deeper analysis of
serological reactions, such questions can be experimentally addressed [18].

effector
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Figure 6. Immunological aspects of the distributions. The exponential distribution of chemical
potentials of both the Abs and Ags are maintained by the feedback loop of effector and sensor Abs.
On a logarithmic scale, the slope of the distributions is indicated for Ab chemical potentials (solid
purple), Ab—Ag complexes (dashed purple line) and Ag (red). The immune system reduces the
concentration of Ags according to its chemical potential that is adjusted by Abs and removes Ab-Ag
complexes to maintain Ag flow. N, number of events with chemical potential p; N, total number of
events; g,,, degeneracy of events with chemical potential p.

Immunoassays probe the system of Abs via measuring Ab binding to selected Ags.
These assays are also called serological assays because they characterize serum Ab reac-
tivity against medically relevant Ag targets. An immunoassay that uses Ag titration, a
gradient of Ag concentrations, can be interpreted as the measurement of the changes of
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chemical potential in the interaction space and can be modeled by the Richards differential
equation [20]. In the sigmoid Richards curve, the point of inflection corresponds to the
sum of probability-weighted chemical potentials and is, therefore, a measure of Ab affinity.
Meanwhile, the asymmetry parameter of the Richards function is related to «/f in the
system, which corresponds to the limiting activity coefficient of Ags. Thus, the variable
that describes the hierarchy and network organization of Abs in the system appears in a
biochemical measurement as a thermodynamic variable.

A theoretically important message of the model is the continuity of self. The inter-
action space belongs to the system; it is self. However, it also incorporates elements of
the surroundings in a regulated way. Ag-binding energies in the interaction space range
from system average to very far from average, and elements are distributed according to
an exponential distribution. Therefore, the frequency or mole fraction contribution to the
system also covers a very wide range (Figure 7). All binding events belong to the system,
becoming incorporated into the architecture as imprints in the network. This is consistent
with the liquid hypothesis of self, which states that immunological identity is continuous
and dynamic [42]. Even though we have no exact physical models describing the function-
ing of the immune system, we have more and more experimental data on the structural and
molecular mechanisms of Ab function and networks of Abs based on sequencing. It is, thus,
possible to relate our model to these observations. The total immunoglobulin concentration
([Ab]) in adult human plasma is in the high micromolar range (~10~* M). We can express
Ab quantities as a fraction of the system by using this reference as [Ab]/[Abl: (Figure 7).
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Figure 7. Antibody concentrations and equilibrium affinity constants. (A) Relative (left axis) and
absolute (right axis) concentrations of Abs with indicated binding energies. (B) Kp values corre-
sponding to binding enthalpy for a monoclonal Ab solution (solid purple line) and for a serum
Ab (dashed line) with entropy effects. AG,y,, free energy of interaction; Kp py, equilibrium dissoci-
ation constant calculated from enthalpy; Kp 1, equilibrium dissociation constant calculated from
Gibbs energy.

Assuming that the system is in a steady state when all its components are present
at their equilibrium dissociation concentrations Kp, their distribution as a function of
chemical potential is determined by the standard free energy of their interactions. Gibbs
free energy has two components:

KD:eRTD:e RT X ¢ RT (18)
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Namely, an entropic (S) and an enthalpic (H) component. We can relate the free energy
of binding to these components using the relationship between the distributions of chemical
potentials and interactions, combining Equations (10) and (18) as

B ArG° v ArG°
«

RT™ X e

o=
=
<

KD =e (19)

The difference between using only the enthalpic component or both components is
illustrated by the solid and dashed lines, respectively, of Figure 7. The concentration of an
Ab clone with a particular binding energy in the system in steady state is higher than that
of the same Ab alone in equilibrium with its single binding partner. Simply stated, because
interaction energies are “spread out” over the network, equilibrium concentrations in a
system are higher than in a solution of two components, such as a monoclonal Ab and a
single target Ag.

3.8. Network Validation of the Model

A theoretical network of Abs can be generated on the basis of sequence and structure
similarity [27], which corresponds to experimentally determined, Ag-binding correlation
networks [43]. On the molecular level, these networks allow the transfer of Ags from an
Ab node to another Ab node in the direction of increasing affinity. The configuration space
model of this article organizes such links into a hierarchy of chemical potential and renders
structural similarity into topological relationships. Increasing chemical potential in the
configuration space means shifting in the hierarchy and increasing node degree, which
is related to the probability of receiving an Ag molecule from a node lower in hierarchy.
All nodes high in the hierarchy are “supported” by a large number of nodes with lower
chemical potential. This arrangement causes the spreading of hubs over the interaction
space and manifests as the repulsion of hubs and results in a disassortative network.

The power law degree distribution and scale-independent property of the network
were previously derived from a lognormal distribution of equilibrium binding constants
of random interactions in combination with an exponential distribution of the standard
deviation of binding energy [27]. Here, a power law distribution is also obtained from a
Boltzmannian distribution of molar free energy of Ags and the relationship between the
absolute thermodynamic activity of Abs and the chemical potential of Ag. Cross-reactivity
is the result of partial interactions with lower-than-maximal energy. Higher-energy inter-
actions allow more cross-reactivity, since a greater molecular surface area is available for
binding. This cross-reactivity appears in the renormalization strategy (Figure 4), where
nodes with lower degree are joined to nodes with a higher degree. This renormalization is
similar to the box-counting method of determining fractal dimension [44] in the sense that
grids with increasing side lengths are applied to reveal network architecture. Disassortativ-
ity and fractality have been recognized as features of biological networks [45,46].

From a network perspective, the ratio of our variables «/ 3 corresponds to the ratio of
fractal dimension dg and degree exponent of boxes dk, as described by Song et al. [45,47].
The network degree distribution exponent y can be calculated from these as

y=1+2L =142 (20)

This is in agreement with our findings that o/ is the rate parameter of the expo-
nential distribution of chemical potential, and oc/3+1 is the exponent of the power law
distribution of thermodynamic activity and network degree distribution (Equation (6))
(also see Appendix B). The evolution of the network in time is reflected in configuration
space, in as much as the nodes with greater chemical potential that develop in the time
course of immunological reactions are located more distantly from the system surface.
Therefore, these indices can be interpreted as factors of renormalization in energy levels.

According to Caetano-Anollés et al. [48], scale-free networks can follow a trajectory in
network morphospace from homogenous, non-modular towards heterogenous, modular
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network organization. This trajectory can correspond to a mesh-like structure of random
binding events at the core surface of the system, evolving into a highly hierarchical and
modular network of specific and high-affinity interactions. This corresponds to a star-
like network distribution of energy when o/ approaches 1 and multiple transfers of
energy when «/f3 increases (Figure 5). Whereas the probability density of binding energy
is associated with a Boltzmannian distribution, scale-free networks are known for the
power law distribution of network node degree. Our configuration space model of a
system suggests that these two phenomena are two sides of the same coin; an identical,
complementary cumulative distribution results in the exponential probability density
function of chemical potential and power law probability function of node degrees of
elements of the system (see Appendix B).

3.9. Interpretation of the Model as a Complex System

In their maximum-entropy model for Ab diversity, Mora et al. associated Ab sequences
with effective energies as if the sequences represented a particular state in a system in
equilibrium [16]. In this article, it is suggested that Ab structures, which are defined by
their amino acid sequences, are, indeed, distinct states in the configuration space of the
system. The molecular free energy of these structures is determined by the composition of
the system, which is itself regulated by the system.

Following the active, expansive stage of the immune response, a contraction stage
establishes a balance between the thermodynamic activity of Abs and of Ags by selecting
only a subset of the cells that evolved in the active stage. This process leads to a steady state,
whereby secreted Abs are continuously removed along with bound Ags, keeping both
free Ab and free Ag concentrations at the immunologically adjusted values. A two-way
feedback mechanism of sensor and effector cells adjusts chemical potential so that cells
are poised between under- and overactivation (see [8,20,40] for details). The effector cell
secretes Abs capable of reducing target Ag concentration; the extent of reduction is deter-
mined by the chemical potential of the Ab. The sensor cell receives an amount of energy in
the form of survival signals by the target Ag—this is called tickling in immunological jargon.
This signal is adjusted by the effector cells, secreting soluble Abs. From an immunological
point of view, this means the parallel generation of memory B cells (sensors) and plasma
cells (effectors) in germinal centers with closely related if not identical binding proper-
ties [49-51]. Perturbations at any point in the interaction space trigger the rearrangement of
this hierarchy and network. In this sense, the system is poised at criticality, a phenomenon
suggested to be present in all biological systems [52]. Critical events represent the reor-
ganization of hierarchy in a system. These events are the coalescence of sub-ensembles
or subnetworks. The size of these events often shows power law distribution over time
(strength of earthquakes, size of forest fires, avalanches of sandpiles) [53]. The immune
system presumably reorganizes itself constantly, adapting to the antigenic environment,
via such events. Occasionally, triggered by infections, massive reorganization is necessary,
which may correspond to a huge critical event.

A variety of phenomena has been shown to follow power law, including natural events
and systems and artificial, man-made systems. In these systems, the power law applies
only for values greater than minimum value Xpin. The distributions described here suggest
that the minimum value of x corresponds to activity with the average energy or reference
chemical potential iy of the system. By our definition, this reference value is zero, and the
corresponding activity is one.

Amin = €0 =1 (21)

It also means that, in our directed network, all isolated nodes possess an in-degree of
1 (see Figure 5). Nodes with a higher degree connect to form the networks, which represent
the organization of the interactions of the system with its environment.

Power law relationships can be broadly assigned into two main categories: distribu-
tions of frequencies and of magnitudes [54]. Complementary cumulative distributions
(cCDF) of frequencies, rank—frequency plots, Zipf’s law and the Pareto distributions are
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examples of the first type [30,55]. Protein interaction and metabolic networks are examples
of the second type [56,57].

Magnitudes represent an intensive physical property of the adaptive system. The
distribution of an intensive physical property describes a hierarchy and often represents
a hierarchical network that organizes the system. It follows that these magnitudes are
related to the network degree of the entities. The configuration space model presented here
suggests that these magnitudes are absolute thermodynamic activities and are related to
molar free energy or chemical potential, an intensive physical property.

Frequency is an extensive property and corresponds to the number of links (interac-
tions) of a given energy in our model. If the energy of interactions is distributed exponen-
tially (Equations (4) and (12)), then the logarithm of probability (Equation (9)) decreases
linearly (Figures 6-8). The corresponding linear growth of entropy (for cumulative distribu-
tion) is characteristic of criticality in thermodynamic systems [16,58]. In unchanging, simple
surroundings, the system can strongly adapt (Figure 8, vertical arrow) and distribute its
energies over a wider range of chemical potentials. On the other hand, changing, diverse
surroundings prohibit effective adaptation (Figure 8, horizontal arrow), allowing large
numbers of weak interactions. The system can develop and grow, maintaining its organiza-
tion by parallel growth of its intensive and extensive properties, chemical potentials and
the number of interactions as a function of those potentials, respectively.
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Figure 8. Graphical representation of relationships of system variables. (A) The relationship between
entropy and chemical potential of system elements results from the balanced distribution of interac-
tion energies and accessible binding states. Too strong an adaptation (x/3 decrease) or too weak an
adaptation («/ increase) results in less stable configurations (dashed lines). (B) Balanced growth
maintains organization by maintaining relations between these intensive and extensive properties.
S, entropy; z,,, partition function of energy level .

Power law distributions, in general, characterize critical points and phase transition. In
this respect, self-organization aims to maintain the state of phase transition. In an abstract
sense, transition is between the two phases of organization of matter in the system and
in the surroundings. Self-organization thus counteracts the effects of the surrounding
environment by generating an interaction space and, therein, sustaining phase transition,
maintaining steady-state reactions towards all environmental components that would
otherwise disintegrate the system.

4. Conclusions

There can be little doubt that a system with the number of constituents and the extent
of diversity that the adaptive immune system possesses can behave as a complex, adaptive
physical system. The more important question is, perhaps: would a complex biological
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system follow the rules that apply to a thermodynamic system? The thermodynamic
system within the complex biological system of immunity can be defined as an open,
multicomponent system of molecular interactions between antibodies and antigens. As
compared to a physical system with very clear boundaries, e.g., a thermally insulated bottle
with gas molecules filling it, the biological system can be thought of as treating only a part of
the biological system as a thermodynamic system. Thus, it has no strict physical boundaries;
antibodies and antigens interact everywhere in the organism, with some privileged sites,
such as the blood plasma, the lymphoid organs and the mucosal surfaces. The boundary is
present only in the abstract, theoretical space because we consider only these interactions.
Because of this abstraction, and because this system is embedded in a highly complex
and dynamic environment, the model only serves to obtain the general laws and global
variables of the system. This is why we regard the system to be an open one. Unlike in
the case of the Thermos bottle or chemical reactions taking place in a test tube, no precise
calculations can be made for each of the interacting components. Yet, the validity of the
model can be supported by the analogies described in the paper and by the experimental
technologies that examined a singular antigen’s reactivities. Of the multicomponent system,
selected subsets of the components can be measured by serological assays.

This article identified attributes of the humoral adaptive immune system that seem
to capture the physics of the biological system. These attributes are the magnitudes and
frequencies of Ab chemical potentials. A coefficient that appears in all approaches to
describing the system is the heat capacity ratio, or binding flexibility ratio or degree dis-
tribution exponent. Beyond the theoretical advancement in modeling, the introduced
mathematical framework can also be put into practice in quantitative serological measure-
ments [18,20] where this coefficient is the limiting thermodynamic activity coefficient and
can be experimentally obtained. Such measurements could provide quantitative maps of
the Ab configuration space in the future.
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Appendix A
Derivation of power law from combination of exponential and lognormal functions [29,30]:

Rearranging, after substituting 1 = u? in the integral,

20 1 [° _g2 (InA)?

= - — u2
p(A) o) e 22 dy

Using integral the table identity,

/Oo e—azz—b/zzdz — 1 Ee—Z\/%
0 2V a
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and substituting « for a and (InA)?/2 for b,

/'°° pa2 (/a2 g, L [T oy /ainn)2
Jo 2V «

Replacing the integral part of the equation,

_ 20 11 Jm o a2
pa) = 1 e

Simplifying with /7, 2, 2/v/2,
_ 2 11 /7T 2 oc(ln)\)z/z
p(/\) - /27_[ A2 o e

\/E —InAvV2u
A) = Y= lnv
p(A) NN

Then, simplifying the exponential expression,

for A > 1 gives

(1) = L

p :ﬁ)t

Expressing 1/ as power:

P = VA1V

V2

&5 —1-2a
pa) = |5 A7V

Appendix B.1 Summary of Parameter Definitions

Uniting exponents of A:

Appendix B

o: rate parameter of exponential distribution of Ag chemical potential in interac-
tion space:
p(]/lAg) — ae*tX‘LlAg

B= \/%=w / 5 relation of Ab thermodynamic activity to Ag chemical potential.

Aap ~ ePras
% = v/2a«: binding flexibility ratio, heat capacity ratio, fractal dimension to box degree
exponent ratio, related to network degree exponent as

¥=V2u+1

Appendix B.2 Correspondence of Exponential and Power Law Distributions

Probability density function (PDF), cumulative distribution function (CDF) and com-
plementary cumulative distribution function (cCDF) of node with chemical potential p44
and of absolute thermodynamic activity A4p, corresponding to node degree; these variables
are related as

Agp = elab
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Table A1. Correspondence of distributions.

PDF ppay) = Va/2e Vb p(Aay) = Va 2A gy~ VEAHD)
CDF P(pap) =1 V2 P(Agp) = 1— Ay V2
cCDF Pl (ppp) = e V200 P 1(Agp) = Agp V2

References

1.  Caetano-Anollés, G.; Wang, M.; Caetano-Anollés, D.; Mittenthal, J.E. The origin, evolution and structure of the protein world.
Biochem. J. 2009, 417, 621-637. [CrossRef] [PubMed]

2. Hartonen, T,; Annila, A. Natural networks as thermodynamic systems. Complexity 2012, 18, 53-62. [CrossRef]

3. Almaas, E.; Kovacs, B.; Vicsek, T.; Oltvai, Z.N.; Barabasi, A.-L. Global organization of metabolic fluxes in the bacterium Escherichia
coli. Nature 2004, 427, 839-843. [CrossRef] [PubMed]

4. Bork, P; Jensen, L.J.; von Mering, C.; Ramani, A.K.; Lee, I.; Marcotte, E.M. Protein interaction networks from yeast to human.
Curr. Opin. Struct. Biol. 2004, 14, 292-299. [CrossRef] [PubMed]

5. Miranker, W.L. A neural network wave formalism. Adv. Appl. Math. 2006, 37, 19-30. [CrossRef]

6.  Miiller, V.; de Boer, R].; Bonhoeffer, S.; Szathmary, E. An evolutionary perspective on the systems of adaptive immunity. Biol. Rev.
2018, 93, 505-528. [CrossRef]

7. Litman, G.W.; Rast, J.P.; Fugmann, S.D. The origins of vertebrate adaptive immunity. Nat. Rev. Immunol. 2010, 10, 543-553.
[CrossRef]

8.  Prechl, J. A generalized quantitative antibody homeostasis model: Maintenance of global antibody equilibrium by effector
functions. Clin. Transl. Immunol. 2017, 6, e161. [CrossRef]

9. McCoy, K.D.; Ronchi, F.; Geuking, M.B. Host-microbiota interactions and adaptive immunity. Immunol. Rev. 2017, 279, 63-69.
[CrossRef]

10. Perelson, A.S.; Oster, G.F. Theoretical studies of clonal selection: Minimal antibody repertoire size and reliability of self-non-self
discrimination. J. Theor. Biol. 1979, 81, 645-670. [CrossRef]

11.  Farmer, D.J.; Packard, N.; Perelson, A. The immune system, adaptation, and machine learning. Phys. D Nonlinear Phenom. 1986,
22,187-204. [CrossRef]

12.  Perelson, A.S.; Weisbuch, G. Immunology for physicists. Rev. Mod. Phys. 1997, 69, 1219-1268. [CrossRef]

13.  Mora, T.; Walczak, A.M. How many different clonotypes do immune repertoires contain? Curr. Opin. Syst. Biol. 2019, 18, 104-110.
[CrossRef]

14. Mayer, A.; Balasubramanian, V.; Walczak, A.M.; Mora, T. How a well-adapting immune system remembers. Proc. Natl. Acad. Sci.
USA 2019, 116, 8815-8823. [CrossRef] [PubMed]

15.  Adams, R.M.; Kinney, ].B.; Walczak, A.M.; Mora, T. Epistasis in a Fitness Landscape Defined by Antibody-Antigen Binding Free
Energy. Cell Syst. 2019, 8, 86-93.e3. [CrossRef] [PubMed]

16. Mora, T.; Walczak, A.M.; Bialek, W.; Callan, C.G. Maximum entropy models for antibody diversity. Proc. Natl. Acad. Sci. USA
2010, 107, 5405-5410. [CrossRef]

17.  Ralph, D.K,; Iv, FA.M. Likelihood-Based Inference of B Cell Clonal Families. PLoS Comput. Biol. 2016, 12, e1005086. [CrossRef]
[PubMed]

18. Papp, K.; Kovacs, A.; Orosz, A.; Hérincs, Z.; Randek, J.; Liliom, K.; Pfeil, T.; Prechl, J. Absolute Quantitation of Serum Antibody
Reactivity Using the Richards Growth Model for Antigen Microspot Titration. Sensors 2022, 22, 3962. [CrossRef]

19. Prechl, J. Network Organization of Antibody Interactions in Sequence and Structure Space: The RADARS Model. Antibodies 2020,
9, 13. [CrossRef] [PubMed]

20. Prechl, J.; Papp, K.; Kovacs, A.; Pfeil, T. The Binding Landscape of Serum Antibodies: How Physical and Mathematical Concepts
Can Advance Systems Immunology. Antibodies 2022, 11, 43. [CrossRef] [PubMed]

21. Helbing, D.; Vicsek, T. Optimal self-organization. New J. Phys. 1999, 1, 13. [CrossRef]

22.  Nicolis, G.; Prigogine, I. Self-Organization in Nonequilibrium Systems: From Dissipative Structures to Order through Fluctuations
(9780471024019). Available online: https://www.bookfinder.com /isbn/9780471024019/ (accessed on 10 October 2022).

23.  Schweitzer, E. Self-Organization of Complex Structures: From Individual to Collective Dynamics, 1st ed.; CRC Press: Amsterdam, The
Netherlands, 1997; p. 620. ISBN 9056990276.

24. Kovacs, .A.; Luck, K.; Spirohn, K.; Wang, Y.; Pollis, C.; Schlabach, S.; Bian, W.; Kim, D.-K.; Kishore, N.; Hao, T; et al. Network-
based prediction of protein interactions. Nat. Commun. 2019, 10, 1240. [CrossRef] [PubMed]

25. Sender, R.; Fuchs, S.; Milo, R. Revised Estimates for the Number of Human and Bacteria Cells in the Body. PLoS Biol. 2016,
14, €1002533. [CrossRef] [PubMed]

26. Falconer, D.S.; Gauld, LK.; Roberts, R.C. Cell numbers and cell sizes in organs of mice selected for large and small body size.
Genet. Res. 1978, 31, 287-301. [CrossRef]

27. Prechl, J. Quantitative network organization of interactions emerging from the evolution of sequence and structure space of

antibodies: The RADARS model. bioRxiv 2018. [CrossRef]


http://doi.org/10.1042/BJ20082063
http://www.ncbi.nlm.nih.gov/pubmed/19133840
http://doi.org/10.1002/cplx.21428
http://doi.org/10.1038/nature02289
http://www.ncbi.nlm.nih.gov/pubmed/14985762
http://doi.org/10.1016/j.sbi.2004.05.003
http://www.ncbi.nlm.nih.gov/pubmed/15193308
http://doi.org/10.1016/j.aam.2005.07.002
http://doi.org/10.1111/brv.12355
http://doi.org/10.1038/nri2807
http://doi.org/10.1038/cti.2017.50
http://doi.org/10.1111/imr.12575
http://doi.org/10.1016/0022-5193(79)90275-3
http://doi.org/10.1016/0167-2789(86)90240-X
http://doi.org/10.1103/RevModPhys.69.1219
http://doi.org/10.1016/j.coisb.2019.10.001
http://doi.org/10.1073/pnas.1812810116
http://www.ncbi.nlm.nih.gov/pubmed/30988203
http://doi.org/10.1016/j.cels.2018.12.004
http://www.ncbi.nlm.nih.gov/pubmed/30611676
http://doi.org/10.1073/pnas.1001705107
http://doi.org/10.1371/journal.pcbi.1005086
http://www.ncbi.nlm.nih.gov/pubmed/27749910
http://doi.org/10.3390/s22103962
http://doi.org/10.3390/antib9020013
http://www.ncbi.nlm.nih.gov/pubmed/32384800
http://doi.org/10.3390/antib11030043
http://www.ncbi.nlm.nih.gov/pubmed/35892703
http://doi.org/10.1088/1367-2630/1/1/313
https://www.bookfinder.com/isbn/9780471024019/
http://doi.org/10.1038/s41467-019-09177-y
http://www.ncbi.nlm.nih.gov/pubmed/30886144
http://doi.org/10.1371/journal.pbio.1002533
http://www.ncbi.nlm.nih.gov/pubmed/27541692
http://doi.org/10.1017/S0016672300018061
http://doi.org/10.1101/438804

Biophysica 2023, 3 251

28.
29.
30.
31.
32.
33.
34.
35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Zheng, X.; Wang, J. The Universal Statistical Distributions of the Affinity, Equilibrium Constants, Kinetics and Specificity in
Biomolecular Recognition. PLoS Comput. Biol. 2015, 11, €1004212. [CrossRef]

Reed, W.J.; Jorgensen, M. The Double Pareto-Lognormal Distribution—A New Parametric Model for Size Distributions. Commun.
Stat. Theory Methods 2004, 33, 1733-1753. [CrossRef]

Mitzenmacher, M. A Brief History of Generative Models for Power Law and Lognormal Distributions. Internet Math. 2004, 1,
226-251. [CrossRef]

Reed, W.J.; Hughes, B.D. From gene families and genera to incomes and internet file sizes: Why power laws are so common in
nature. Phys. Rev. E 2002, 66, 067103. [CrossRef]

Newman, M.E.J. Power laws, Pareto distributions and Zipf’s law. Contemp. Phys. 2005, 46, 323-351. [CrossRef]

Prabhu, N.V,; Sharp, K.A. Heat capacity in proteins. Annu. Rev. Phys. Chem. 2005, 56, 521-548. [CrossRef] [PubMed]

Cooper, A. Protein Heat Capacity: An Anomaly that Maybe Never Was. . Phys. Chem. Lett. 2010, 1, 3298-3304. [CrossRef]
Karshikoff, A.; Nilsson, L.; Ladenstein, R. Rigidity versus flexibility: The dilemma of understanding protein thermal stability.
FEBS J. 2015, 282, 3899-3917. [CrossRef] [PubMed]

Wilhelm, E. CHAPTER 1. Gibbs energy and helmholtz energy: Introduction, concepts and selected applications. In Gibbs Energy
and Helmholtz Energy: Liquids, Solutions and Vapours; Wilhelm, E., Letcher, T.M., Eds.; Royal Society of Chemistry: Cambridge, UK,
2021; pp. 1-120. ISBN 978-1-83916-201-5.

Greenspan, N.S. Cohen’s Conjecture, Howard’s Hypothesis, and Ptashne’s Ptruth: An exploration of the relationship between
affinity and specificity. Trends Immunol. 2010, 31, 138-143. [CrossRef] [PubMed]

Baumgarth, N. How specific is too specific? B-cell responses to viral infections reveal the importance of breadth over depth.
Immunol. Rev. 2013, 255, 82-94. [CrossRef]

Dominguez-Bello, M.G.; Godoy-Vitorino, F.; Knight, R.; Blaser, M.]. Role of the microbiome in human development. Gut 2019, 68,
1108-1114. [CrossRef]

Prechl, J. A generalized quantitative antibody homeostasis model: Regulation of B-cell development by BCR saturation and novel
insights into bone marrow function. Clin. Transl. Immunol. 2017, 6, €130. [CrossRef]

Bugya, Z.; Prechl, J.; Szénasi, T.; Nemes, E.; Bécsi, A.; Koncz, G. Multiple Levels of Immunological Memory and Their Association
with Vaccination. Vaccines 2021, 9, 174. [CrossRef]

Grignolio, A.; Mishto, M.; Faria, A.M.C.; Garagnani, P.; Franceschi, C.; Tieri, P. Towards a Liquid Self: How Time, Geography, and
Life Experiences Reshape the Biological Identity. Front. Immunol. 2014, 5, 153. [CrossRef]

Madi, A.; Kenett, D.Y.; Bransburg-Zabary, S.; Merb], Y.; Quintana, FJ.; Tauber, A.I; Cohen, LR.; Ben-Jacob, E. Network Theory
Analysis of Antibody-Antigen Reactivity Data: The Immune Trees at Birth and Adulthood. PLoS ONE 2011, 6, €17445. [CrossRef]
Song, C.; Gallos, L.K.; Havlin, S.; Makse, H.A. How to calculate the fractal dimension of a complex network: The box covering
algorithm. J. Stat. Mech. Theory Exp. 2007, 2007, P03006. [CrossRef]

Song, C.; Havlin, S.; Makse, H.A. Self-similarity of complex networks. Nature 2005, 433, 392-395. [CrossRef] [PubMed]
Strogatz, S.H. Complex systems: Romanesque networks. Nature 2005, 433, 365-366. [CrossRef]

Song, C.; Havlin, S.; Makse, H.A. Origins of fractality in the growth of complex networks. Nat. Phys. 2006, 2, 275-281. [CrossRef]
Caetano-Anollés, G.; Aziz, M.F; Mughal, E; Griter, F,; Kog, I.; Caetano-Anollés, K.; Caetano-Anollés, D. Emergence of Hierarchical
Modularity in Evolving Networks Uncovered by Phylogenomic Analysis. Evol. Bioinform. 2019, 15, 1176934319872980. [CrossRef]
[PubMed]

Frolich, D.; Giesecke, C.; Mei, H.E.; Reiter, K.; Daridon, C.; Lipsky, P.E.; Dorner, T. Secondary Immunization Generates Clonally
Related Antigen-Specific Plasma Cells and Memory B Cells. J. Immunol. 2010, 185, 3103-3110. [CrossRef]

Shlomchik, M.].; Weisel, F. Germinal center selection and the development of memory B and plasma cells. Immunol. Rev. 2012,
247, 52-63. [CrossRef]

Good-Jacobson, K.L.; Shlomchik, M.J. Plasticity and Heterogeneity in the Generation of Memory B Cells and Long-Lived Plasma
Cells: The Influence of Germinal Center Interactions and Dynamics. J. Immunol. 2010, 185, 3117-3125. [CrossRef]

Mora, T.; Bialek, W. Are Biological Systems Poised at Criticality? J. Stat. Phys. 2011, 144, 268-302. [CrossRef]

Bak, P.; Paczuski, M. Complexity, contingency, and criticality. Proc. Natl. Acad. Sci. USA 1995, 92, 6689-6696. [CrossRef]
Velarde, C.; Robledo, A. Rank distributions: Frequency vs. magnitude. PLoS ONE 2017, 12, e0186015. [CrossRef] [PubMed]
Clauset, A.; Shalizi, C.R.; Newman, M.E.J]. Power-Law Distributions in Empirical Data. SIAM Rev. 2009, 51, 661-703. [CrossRef]
Yook, S.-H.; Oltvai, Z.N.; Barabasi, A.-L. Functional and topological characterization of protein interaction networks. Proteomics
2004, 4, 928-942. [CrossRef] [PubMed]

Jeong, H.; Tombor, B.; Albert, R.; Oltvai, Z.N.; Barabasi, A.-L. The large-scale organization of metabolic networks. Nature 2000,
407, 651-654. [CrossRef] [PubMed]

Desponds, J.; Mora, T.; Walczak, A.M. Fluctuating fitness shapes the clone-size distribution of immune repertoires. Proc. Natl.
Acad. Sci. USA 2016, 113, 274-279. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1371/journal.pcbi.1004212
http://doi.org/10.1081/STA-120037438
http://doi.org/10.1080/15427951.2004.10129088
http://doi.org/10.1103/PhysRevE.66.067103
http://doi.org/10.1080/00107510500052444
http://doi.org/10.1146/annurev.physchem.56.092503.141202
http://www.ncbi.nlm.nih.gov/pubmed/15796710
http://doi.org/10.1021/jz1012142
http://doi.org/10.1111/febs.13343
http://www.ncbi.nlm.nih.gov/pubmed/26074325
http://doi.org/10.1016/j.it.2010.01.001
http://www.ncbi.nlm.nih.gov/pubmed/20149744
http://doi.org/10.1111/imr.12094
http://doi.org/10.1136/gutjnl-2018-317503
http://doi.org/10.1038/cti.2016.89
http://doi.org/10.3390/vaccines9020174
http://doi.org/10.3389/fimmu.2014.00153
http://doi.org/10.1371/journal.pone.0017445
http://doi.org/10.1088/1742-5468/2007/03/P03006
http://doi.org/10.1038/nature03248
http://www.ncbi.nlm.nih.gov/pubmed/15674285
http://doi.org/10.1038/433365a
http://doi.org/10.1038/nphys266
http://doi.org/10.1177/1176934319872980
http://www.ncbi.nlm.nih.gov/pubmed/31523127
http://doi.org/10.4049/jimmunol.1000911
http://doi.org/10.1111/j.1600-065X.2012.01124.x
http://doi.org/10.4049/jimmunol.1001155
http://doi.org/10.1007/s10955-011-0229-4
http://doi.org/10.1073/pnas.92.15.6689
http://doi.org/10.1371/journal.pone.0186015
http://www.ncbi.nlm.nih.gov/pubmed/28982160
http://doi.org/10.1137/070710111
http://doi.org/10.1002/pmic.200300636
http://www.ncbi.nlm.nih.gov/pubmed/15048975
http://doi.org/10.1038/35036627
http://www.ncbi.nlm.nih.gov/pubmed/11034217
http://doi.org/10.1073/pnas.1512977112
http://www.ncbi.nlm.nih.gov/pubmed/26711994

	Introduction 
	Materials and Methods 
	Results and Discussion 
	Compartments of the System 
	Principle of Self-Organization 
	Architecture of the System 
	Architecture of Interaction Space: A Hierarchical, Scale-Free Network 
	Distribution of Energy by Links in the System 
	Thermodynamic Validation of the Model 
	Immunological Validation of the Model 
	Network Validation of the Model 
	Interpretation of the Model as a Complex System 

	Conclusions 
	Appendix A
	Appendix B
	Summary of Parameter Definitions 
	Correspondence of Exponential and Power Law Distributions 

	References

