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Abstract
Determining the fitness status of the immune system is one of the central challenges of modern biomedical sciences, given its
close association with aging and immunosenescence. Currently, no universally accepted metric allows for determining whether an
individual’s immune system is competent, nor the extent to which it is competent across different pathologies. In the present study,
a model of complex adaptive networks is developed, in which nodes represent the eleven principal immune cell types, focused
on the phase transitions of entropy to distinguish the optimal functioning of the immune network in contrast to what occurs in
cases of immunodeficiency states, both primary and secondary. The results of the dynamic simulation indicate distinct profiles
between the immunocompetent and immunodeficient states of the immune system. They further provide evidence regarding the
condition of the complex immune network and its internal connectivity, suggesting the existence of aging-related patterns in immune
response effector networks. This entropy-based approach offers a quantitative, holistic assessment of immune status with potential
applications in AI-driven diagnostic systems, disease monitoring, and personalized immunomodulatory therapies.
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1. Introduction

What characterizes an optimal immune response? The
most common answer is that it effectively controls in-
fections, prevents the development of cancer, and avoids
diseases associated with immune hyperreactivity, such as
allergies or autoimmune disorders. Conversely, subop-
timal immune function may result in disease due to the
weakness or absence of adequate immune response capac-
ity [1]. However, this response characterizes immuno-
competence by its results, even without understanding
how it fully works.

On the other hand, the development and application
of efficient vaccines allow us to understand that a protec-
tive immune response can be induced by biotechnological
means [2], which, although it is a considerable advance
in terms of human well-being and health, still leads us to

consider the action of the immune system from a totally
empirical perspective [3]. Moreover, because the monitor-
ing of vaccine action focuses on measuring the cells and
molecules that mediate the immune response [4,5], this
strategy, although highly impactful, has contributed only
limited insight into the global mechanisms underlying the
establishment of immune fitness.

Theoretical approaches that represent the immune
system as a social network [6], a complex adaptive sys-
tem [7], or an information transmission network [8] have
enabled, through the use of mathematical models of finite
graphs [9,10], the application of fundamental concepts
from information theory to the study of biological net-
works [11]. In particular, the idea of entropy has emerged
as a potential indicator of human health status [12], sug-
gesting the presence of immune disorders [13], the pro-
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gression of a disease [14], or even the prediction of future
disease [15].

The determination of the total mass, number and dis-
tribution of the eleven central cell types that make up the
human immune system [16] generates essential informa-
tion to carry out new quantitative models of the dynamics
of immune networks as complex adaptive networks, as is
the case of this work in which the basic immune network
is represented as a connected graph of eleven nodes whose
evolution is modeled using ordinary differential equations
and system dynamics approaches [17].

Finally, entropy has a solid conceptual foundation
in characterizing the state of biological networks. Its ap-
plications in ecology [18,19] have shown that entropy
phase transitions can reveal critical changes in natural
ecosystems [19]. General methods also exist for detecting
phase transitions in complex evolutionary networks [20,
21]. Building on these insights, we propose an approach
to characterize and measure the transition dynamics of
the entropy phase associated with an optimal immune sys-
tem. This approach can also capture transitions linked to
primary and secondary immunodeficiency states. These
considerations highlight the usefulness of such theoretical
frameworks in biomedicine [22,23] and the application of
information theory to the study of complex networks [24].

Systematic simulation of primary immunodeficien-
cies, which are genetic defects affecting specific immune
components, and secondary immunodeficiencies, which
are acquired conditions that compromise immune func-
tion, demonstrates that entropy phase transitions can serve
as distinctive signatures for different immunological states.
This approach establishes a quantitative framework that
integrates artificial intelligence systems with automated
immune repertoire analysis and enhances the assessment
and management of immunological health in clinical set-
tings.

2. Methods

2.1. Complex Adaptive Network Model

Based on the premise that the immune system is a complex
network, a computational model was developed incorpo-
rating the eleven major human immune cell types [16]:
T lymphocytes, B lymphocytes, natural killer cells, ba-
sophils, eosinophils, neutrophils, mast cells, macrophages,
monocytes, plasma cells, and dendritic cells. The model
was structured according to Treur’s formalism for network
analysis [17], with each cell type represented as a node
in the network (See Supplementary Data Table S1 for de-
tails). The healthy immune system was modeled as an op-
timal immune fitness state characterized by the dynamic

interactions of eleven major immune cell populations or-
ganized in a fully connected network under normal phys-
iological conditions. The key assumptions of the model
are as follows:

1. The immune network is fully connected in its opti-
mal state, with each cell population potentially inter-
acting with all the others.

2. Each cell population grows logistically once stimu-
lated by an antigen.

3. Growth parameters are based on physiological car-
rying capacities derived from empirical data on hu-
man immune cell proportions.

4. Mortality rates vary between cell populations based
on known lifespans.

It is important to note that the current model does not
explicitly distinguish between naive and antigen-induced
(activated) immune cells. Entropy values may vary de-
pending on the state of activation. This distinction repre-
sents an important direction for future refinement of the
model.

Currently, theoretical tools exist for measuring the
entropy of complex networks [24]. In addition, somemod-
els allow their numerical representation and dynamic sim-
ulation using role matrices and differential equations [17].
Since the immune system is a complex network [6] and,
for the first time, eleven major types of immune cell pop-
ulations have been rigorously quantified [16], a complex
adaptive network model was developed following Treur’s
formalism (see Supplementary Data Figure S1 for details).
The model assumes a connected network in which each
cell population grows logistically once stimulated by any
antigen (see Supplementary Data Table S2 for details).
The function parameters, carrying capacity (K) and mor-
tality rate (MR), were obtained from [16] and [25], respec-
tively. Interaction strength (Wint) was derived from [26].

Dynamic simulation of the immune network was
performed using the following combination function (CF):

dXi

dt
= Wint ∗Xi

(
1−Xi

K

)
−MR ∗Xi

2.2. Entropy Calculation

Network entropy (S) was calculated using Shannon’s in-
formation entropy formula,

S = −k

n∑
i=1

p(Xi)log(p(Xi))
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2.3. Network Density Analysis

Link density (edge density) was measured as the ratio of
existing links (m) to the total number of possible links. For
a network of N nodes, the network link density is

D =
m

0.5 ∗N ∗ (N − 1)

The (maximal) link density D of a completely con-
nected network is 1.

2.4. Simulating Immunodeficiencies

Primary and secondary immunodeficiencies were mod-
eled by systematically modifying the network structure,
eliminating nodes (Xi), and reducing their connections as
described in Supplementary Data Table S3. These modifi-
cations follow the well-known clinical processes underly-
ing these diseases [27–30].

3. Results

The results of this work include the determination of the
entropy phase transition for the state of immunocompe-
tence, and in primary and secondary immunodeficiencies.

3.1. Immune Fitness

The study begins by simulating the optimal immune net-
work, modeling the interactions among eleven key im-

mune cell populations, including T lymphocytes, B lym-
phocytes, and natural killer cells. The dynamic simulation
was performed on an optimal immune network in which
the eleven main immune cell populations exhibit logistic
growth, with K andMR parameters set to values typical of
normal immune responses in healthy individuals. The re-
sulting pattern is shown in Figure 1A. The entropy phase
change associated with the optimal immune response state
is presented in Figure 1B and can be characterized as a
three-phase pattern as described below:

Stage 1: Network Activation (0 ≤ t ≤ t1)

• Rapid increase in entropy
• Resource allocation and path development
• Network startup or traffic surge response

Stage 2: Coordination (t1 ≤ t ≤ t2)

• Entropy decreases as optimal flows established
• Route convergence and load balancing
• Efficient resource utilization patterns emerge

Stage 3: Stabilization (t ≥ t2)

• Stable entropy representing steady-state operation
• Established traffic patterns and resource allocation
• Network maintains responsiveness to changes

This entropy signature encapsulates the dynamic in-
terplay of activation, regulation, coordination, and stabi-
lization, as well as memory consolidation, in a healthy im-
mune system.

Figure 1: Behavior of an immune system under optimal conditions. (A) Dynamic simulation for logistic combination functions for
the immune effector cell types considered under optimal conditions, (B) phase entropy transition for optimal immune fitness.
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3.2. Immunodeficiencies

The behavior of phase transitions of entropy in primary
and secondary immunodeficiencies and the connectivity

condition is presented, respectively, in Figures 2 and 3.
The results indicate that entropy analysis is sensitive to de-
tecting immune dysfunctions, linking changes in entropy
dynamics with changes in immune network connectivity.

Figure 2: Entropy transitions for primary immunodeficiencies.

Figure 3: Entropy transitions for secondary immunodeficiencies.
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3.3. Aging Property

In Figure 4 a power law relationship between connection
density (D) and maximum entropy (Smax) is presented,
with an exponent of 0.4349, resembling what is known

as “aging property,” suggesting that immunodeficient net-
works lose their scale-free properties, becoming more ho-
mogeneous and less capable of forming preferential con-
nections.

Figure 4: The power-law relationship between entropy and immune network connectivity.

4. Discussion

The results indicate that entropy phase transitions can dif-
ferentiate between immunocompetence and immunodefi-
ciency status of the immune network. The entropy pat-
terns observed in optimal immune networks likely cor-
respond to key immunological events: initial activation
and expansion, coordination of specific effector responses,
and maintenance of memory, aligning with current under-
standing of immune response kinetics [31].

The aging property provides insight into the struc-
tural basis of immune network dysfunction [32,33], ex-
plaining why immunodeficiencies often impact multiple
immune functions beyond the primary defect. The net-
work loses its ability to compensate through alternative
pathways [34,35]. By contrast, the human immune system
exhibits scale-free properties in its optimal state [36–40],
showing highly connected “hub” nodes andmany sparsely
connected ones, a topology that confers robustness and ef-
ficiency [41]. The finding that immunodeficient networks
lose these scale-free properties and become “more homo-
geneous” suggests a fundamental shift away from this opti-

mal, robust architecture. Homogenization implies that the
distinction between highly connected hubs and less con-
nected nodes diminishes [42].

This approach offers several advantages over tra-
ditional immunological assessments. It provides holis-
tic measures that integrates multiple immune parame-
ters, captures dynamic properties of the immune response
rather than static measurements, and establishes quantita-
tive relationships between network structure and function.

Considering the limitations of our study, first, the
model assumes logistic growth dynamics for all cell
populations, oversimplifying the complex immune kinet-
ics [43]. Second, the model does not account for spatial
factors in immune cell interactions [44], nor does it differ-
entiate connection weights between cell types based on
signaling strength or type. On the other hand, clinical
validation is paramount from a translational perspective;
without empirical data from human patients, the model re-
mains a theoretical framework, emphasizing the crucial
next step of bridging computational predictions with real-
world clinical observations, which is essential for estab-
lishing diagnostic and prognostic utility and advancing
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computational biology into clinical practice. Although
the present study focuses on immunodeficiencies, entropy-
based signatures have the potential to distinguish between
different types of infections.

Moreover, interindividual variability is a critical fac-
tor in immune system modeling. In future research, en-
abling the model to bemore robust in capturing individual-
ized immune dynamics, wherein advanced computing and
AI tools such as deep learning, probabilistic, hybrid mod-
els, and the use of supercomputing resources to perform
advanced simulations of biological systems can now be ap-
plied to demystify the complexity of the human immune
system [45,46]. For instance, deep learning approaches
are required to estimate parameter values for immune age,
which are strongly correlated with multimorbidity, inflam-
matory markers, immune senescence, frailty, and cardio-
vascular aging.

Lastly, the ability to decode and harness the power
of the human immune system is one of the great frontiers
of biomedicine. The immune system represents a complex
network of genes, proteins, cells, and tissues, a billion or
more times larger than the entire human genome. It differs
among individuals and changes over time because a wide
range of factors, including age, genetics, and environmen-
tal influences, affect it.

5. Conclusions

The present work models the complex network of inter-
actions between the eleven central cell types that make
up the human immune system using system dynamics and
adaptive networks, making use of entropy phase changes
to determine how the state of optimal immune response
or immunocompetence is characterized, finding a pattern
of three states: activation, coordination, and stabiliza-
tion of the network. Next, the dynamics of the entropy
phase change of the immune network under immunode-
ficiency scenarios, both primary and secondary, are esti-
mated, finding entropy phase change patterns for each dis-
ease. The methodology presented here supports efforts to
achieve a holistic understanding of the functioning of im-
mune effector cell networks.

List of Abbreviations

AI Artificial Intelligence
AIDS Acquired Immune Deficiency Syndrome
BAS Basophils
B-Cells B-Lymphocytes
CGD Chronic Granulomatous Disease
CF Combination Function
DC Dendritic Cells

DGS DiGeorge Syndrome
D Link Density
EOS Eosinophils
HIV Human Immunodeficiency Virus
K Carrying Capacity
MA Macrophages
MAST Mastocytes
MO Monocytes
MR Mortality Rate
NEU Neutrophils
NK Natural Killer Cells
PC Plasmatic Cells
S Shannon’s Entropy
Smax Maximum Entropy
SCID Severe Combined Immunodeficiency
T-Cells T-Lymphocytes
Wint Interaction Strength
X1–X11 Model Variables for Immune Cell

Populations (see Supplementary Table S1)
XLA X-linked Agammaglobulinemia
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