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Abstract

Homeostatic regulation ensures a dynamic equilibrium, maintaining the
constancy of an organism’s internal environment despite continuous exter-
nal fluctuations and internal metabolic demands. Homeostasis reflects a bal-
ance between stability and adaptability. This review explores how the bio-
physics operating near a second-order phase transition may be an evolved
property of living systems, enabling maximal sensitivity, dynamic range, and
information processing. Growing evidence suggests that biological systems
operate near critical points, on the “edge of chaos”. Departure from criticali-
ty manifests in pathological states such as cancer, where the breakdown of
cooperative cellular order may be interpreted as a transition away from the
critical regime. The modulated electro-hyperthermia (mEHT) is a therapeu-
tic intervention whose biophysical action can be understood through the lens
of membrane-level dynamics in tumor cells. The homeostatic dynamics ex-
hibit 1/f noise, a hallmark signature of self-organized criticality (SOC) in
homeostasis, and it is a practical diagnostic indicator of physiological health
versus disease. Together, these threads weave a coherent biophysical narra-
tive: growing theoretical and experimental evidence suggests that many bio-
logical systems operate near criticality, and understanding this edge has pro-
found implications for both fundamental biology and clinical medicine. One
of the most powerful conceptual frameworks in modern biophysics is statis-
tical mechanics, whose dynamics can be characterized by the Ising model, a
useful tool for describing phase transitions at the boundary between order
and chaos. Its capacity to capture collective behavior, long-range correla-
tions, and phase transitions near a critical point renders it uniquely suited to
modeling phenomena as diverse as neural dynamics, gene expression net-
works, cellular communication, and tissue organization, making it a suitable
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modeling tool for studying cancer development and prevention. My objec-
tive is to show the behavior of a living system at a phase transition and the
corrections that arise when the system deviates from this delicate state, and
connect these ideas to cancer and therapeutic intervention.

Keywords

Ising Model, Spin Glass, SOC, mEHT, Pink Noise, Edge of Chaos,
Nonthermal Processes, Homeostasis, Stochastic Resonance

1. Introduction—Phase Transitions and Criticality in
Biological Matter

Physics and biology have long maintained a productive, if sometimes uneasy, re-
lationship. The application of thermodynamic concepts to living systems gained
momentum throughout the twentieth century, yet it was the recognition that bi-
ology is not merely thermodynamics in equilibrium, but a complex, nonequilib-
rium, self-organizing phenomenon, that catalyzed a new era of biophysical in-
quiry. At the heart of this inquiry lies a deceptively simple question: are the co-
ordinated behaviors of cells, tissues, and organisms best understood as emergent
properties arising near a phase transition?

We can address the challenges by examining the robust behavior that results
from this complexity: self-organization and its subsequent self-similarity [1].
The complexities of living structures exhibit universal behavior: they are self-
organized [2]. In recent decades, various approaches have been developed to de-
scribe the complexity of systems in terms of self-organization [3]-[5]. This pecu-
liar structure is built according to relatively simple self-similarity rules [6]. The
dynamism of the structure is determined by the system’s symmetries [7] and
constructs a self-managed spatiotemporal fractal network [8] leading to a typical
bioscaling behavior in living material [9]. Consequently, the similarity of living
species enables allometric scaling across 24 orders of magnitude from the small-
est to the largest biological objects [10].

Living systems are open, dynamical structures that engage in random, station-
ary, and stochastic self-organizing activities [11]. The self-organizing technique
generates a spatiotemporal fractal structure that is self-similar in both space and
time [12]. The emerging fields of bio-scaling [13] and network analysis [14] ex-
tend detailed analyses. The characteristic stochastic (probabilistic) behavior of
living matter is related to the intrinsic bifurcation in the entirety of the living or-
ganization. The basic bifurcation mechanism can be represented by a non-linear
double-well potential for chemical reactions [15] [16], leading to a chaotic ar-
rangement.

Cells can undergo a phase transition, altering their structure and chemical
bonds [17] [18], without a change in temperature. The quantum mechanics and

resonances within chemical bonds are primarily non-equilibrium thermody-
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namic states, highlighting the combined influence of thermal and nonthermal
energy components [19]. The external electric field nonthermally promotes cel-
lular fission at low [20] and high [21] frequencies, and its application holds
promise in cancer therapy [22].

The complexity of living systems is at a crucial point. Since biological systems
experience vital fluctuations near their equilibrium states, life functions at the
“edge of chaos” [23] [24], owing to its complex stochastic interactions [25]. The
phrase, originating from dynamical systems theory, describes a specific regime
that is not the fixed regularity of crystalline order nor the chaotic formlessness
of pure randomness, but rather the narrow transition zone between these two
states.

The term “edge” fits well. A literal edge exists as a one-dimensional boundary
within a two-dimensional landscape; it has no width but only a direction. Simi-
larly, edge-of-chaos dynamics are limited: this regime is a narrow manifold with-
in a vast array of potential states, requiring the system to continually expend en-
ergy to stay on it. This explains why living systems are energetically costly.
Maintaining this critical state isn’t free; it demands a constant influx of energy
and information, much like any far-from-equilibrium dissipative structure. The
edge of chaos isn’t simply a middle ground between order and disorder or a di-
luted form of either. Instead, it constitutes a distinct third regime, with emergent
properties that cannot be derived from the characteristics of the neighboring re-
gimes. Criticality differs fundamentally from subcriticality and supercriticality,
with systems at this edge showing long-range correlations, scale-invariant fluc-
tuations, and heightened sensitivity to inputs that would be ineffective in either
adjacent regime.

Operating at the boundary between order and chaos optimizes biological
function because it enables signals, whether electromagnetic, biochemical, me-
chanical, or electrochemical—to propagate through the system in ways that nei-
ther highly ordered nor purely chaotic regimes allow. In a highly ordered medi-
um with strong damping, a signal starting at one point decays before reaching
another, as the system’s rigidity absorbs the perturbation locally. Conversely, in
a purely chaotic regime, a signal is quickly overwhelmed by the system’s own
noise, making it indistinguishable from background activity. Only at the critical
boundary does a signal effectively travel and persist, transmitting information
across the system with enough fidelity, while remaining within a stochastic envi-
ronment that permits modulation, gating, and selective responses.

This fundamental dynamical principle underpins all activities of the organism.
Whether it’s a propagating action potential, a hormonal cascade, a calcium wave
through tissue, or electromagnetic coupling between cells, none would function
in a rigid or entirely chaotic medium. Instead, they rely on the medium being
critical. This same principle explains the organism’s remarkable sensitivity to
weak stimuli: at the brink of chaos, minor disturbances can trigger significant,

organized responses because long-range correlations enable local events to acti-
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vate widespread structures. This capacity allows organisms to detect and re-
spond to faint signals—like pheromones near threshold levels, photons at the
limit of single-quanta detection, or vibrations close to the cochlea’s noise floor—
that a less critical system couldn’t perceive. Life exists at this edge; it’s the only
place it can thrive.

The Ising model is among the most precise statistical mechanical models for
understanding phase transitions. While it can represent the criticality of life, it
doesn’t fully encompass reality; instead, it depicts how life behaves at its “edge of

chaos.”

2. The Ising Model: Mathematical Foundations and
Biological Mapping

2.1. The Model and Its Biological Equivalence

The Ising model, introduced by Wilhelm Lenz and solved in one dimension by
Ernst Ising in 1925 [26], and later extended to two dimensions by Lars Onsager
in 1944 [27], and recently shows an intuitive [28] and an algebraic approxima-
tion in three dimensions by the author in 2026 [29], describes a lattice of binary
variables (s, =%1, in magnetism, these are spins) interacting via nearest-
neighbor coupling. Despite its simplicity, the model exhibits a rich phase transi-
tion between an ordered and disordered state, separated by a critical tempera-
ture 7, at which the magnetic system displays scale-free fluctuations, long-
range correlations, and maximal susceptibility.

The notion that biological systems may operate near criticality was first sug-
gested in the context of neural networks [30] and later given strong empirical
grounding [31]. It has been demonstrated that cortical networks exhibit neu-
ronal avalanches with power-law statistics consistent with a critical branching
process. Subsequently, [32] applied maximum-entropy methods rooted in the
Ising framework to retinal ganglion cell populations, finding that the biological
data sit strikingly close to the critical point of a pairwise interaction model.
These findings have since been generalized to gene regulatory networks, im-
mune repertoires, flocking birds, and even the human microbiome, suggesting
that criticality may be a universal organizing principle of complex living systems.

In the classical magnetic picture, the canonical Ising Hamiltonian () de-
scribes a system of N spins on a lattice, with pairwise interactions and an ex-
ternal field:

'H=—J2sis].—h2s,. (1)
(i) i

where J is the exchange coupling (J >0 for ferromagnetic alignment), # is
an external magnetic field, and the first sum runs over nearest-neighbor pairs
(i, j> . The partition function

Z:Zexp(— H J (2)
{s}

k,T

DOI: 10.4236/abb.2026.178024

379 Advances in Bioscience and Biotechnology


https://doi.org/10.4236/abb.2026.178024

A. Szasz

encodes all thermodynamic information, where k, =1.39x 10'23% is the

Boltzmann constant, and 7 is the temperature on the absolute (Kelvin) scale. It
can be shown that in the thermodynamic limit at 7 =T, the free-energy density
becomes non-analytic at Tc, where the correlation length and susceptibility di-
verge.

This simple model became the fundamental model of statistical physics, show-
ing the importance of nondeterministic statistical phenomena.

The Ising framework can be interpreted biological terms. Cells within tissue
communicate through biochemical and electrical signals. These interactions cre-
ate collective regulatory states, analogous to spin alignment. The physical varia-

bles and their biological analogs are shown in Table 1.

Table 1. The physical variables and their biological analogs.

Physical variable Biological analogue
spin state (s;) cellular functional state
interaction () cell-cell communication

temperature (7) metabolic noise
field (A) environmental stress
magnetization (M) tissue functional order

While in the Ising model, temperature (7 ) controls disorder vs. order, this
magnetic model may simulate numerous statistical parameters of the biological
systems, connected to its dynamic stability, the homeostasis. Thermodynamic
parameters, such as temperature, susceptibility, order parameter, correlation
length, and specific heat, serve as effective control parameters that quantify
noise, variability, or regulatory balance in a biological system. The critical expo-
nents then describe how observables (correlations, fluctuations, responses) scale
as the system approaches its homeostatic critical point, where the control bal-
ances at the “edge of chaos”. In biology. The mapping to the Ising model is not
literal but provides a coarse-grained, phenomenological framework that captures
collective behavior and phase transitions. The analogous quantity of temperature
is an effective parameter (7, ), which can represent stochastic fluctuations (gene
expression noise, ion-channel noise), metabolic activity/ATP-driven fluctua-
tions, environmental variability, and regulatory noise in signaling networks
(Figure 1). Considering the cellular-automaton-like spatiotemporal patterns dif-
ferences between frozen order, edge of chaos (fractal scale-free clusters), and tur-
bulent chaos (random noise), the complexity-vs-control-parameter curve is a nar-
row peak where life operates. The sensibility (susceptibility) y as a Lorentzian-
style peak diverges at 7,, and is essentially zero a little farther on either side.
Together, these are the canonical thermodynamic signatures of a critical point:

the order parameter changes continuously across 7,, (no jump = second-
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negative above 7., ), which is a mean-field-like portrait suitable for an Ising

magnet in a vanishingly weak field that selects sign. A useful interpretation is:
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r

noise amplitude

eff overly disordered (uncorrelated, noisy) (3)

e

interaction strength ) )
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The critical point (7, ) separates ordered and disordered phases, which bio-
logically is the point where the system has maximal adaptability, maximal sus-
ceptibility, and long-range coordination. It can be interpreted in various homeo-
static controls, among those the

1) neural systems - edge of synchronization;

2) cardiac dynamics - healthy variability;

3) cell populations > coordinated but flexible behavior;

4) membranes -> lipid criticality (raft formation).

These are precisely the properties of criticality and their biological analogs

that have attracted intense interest in the biophysics community.

(b.)
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Figure 1. Two signatures of a second-order phase transition. (a) The order parameter has a smooth crossover. (b) The physical
exponents (as corresponding biophysical) diverge at the critical point, at healthy homeostasis. (c) A living system operates at the
narrow boundary between frozen (ordered) and turbulent (chaotic) states.

The optimal regime of a living object lies near the critical point, where the sys-
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tem maintains high responsiveness, long-range coordination, and flexible adap-
tation.

Near the critical transition temperature (7, ), the correlation length & di-

vergesas &oc|T,, —T, " (with v=1 in two dimensions (2D)), and the mean-
field magnetization vanishes as <m>oc T,-T, 7 B =1/8 2D), and suscepti-
bility divergesas y oc|T,, — T, " [33].

When translating these variables into a tissue-level or homeostatic context, the
biological equivalence of the above parameter model, the thermodynamic con-
cepts map to systemic biological regulation:

o Temperature, as an effective actor (7, ) equal to the systemic stochasticity
and noise in biology. Here the 7 does not merely represent thermal heat; it
represents the aggregate stochastic noise of the system, fluctuations in meta-
bolic availability, genetic expression, or environmental stressors. Lower T,
favors rigid order (pathological synchronization), while higher 7, drives
random disorder (system failure). Healthy homeostasis is poised precisely at
T, maintaining an optimal balance of order and adaptability.

e Magnetization ( <m> = <S ; >) represents the homeostatic order parameter. Bio-
logically, <m> is the macroscopic order parameter that defines the collective
state of the tissue. A high |m| indicates high synchrony or coherent behav-
ior (e.g., a highly ordered, rigid tumor microenvironment). A transition at
T, signifies a shift in tissue phase, such as the breakdown of pathological
coherence.

e Magnetic field ( /) is the global modulating intervention. It represents an ex-
ogenous driving force or systemic intervention that breaks symmetry. In an
oncological context, h is directly analogous to localized, specific physical in-
terventions, like modulated electro-hyperthermia (mEHT) or targeted phar-
macological therapies. It exerts a systemic bias, forcing the discrete units (s;)
to align with a new energetic minimum, thereby disrupting local pathological
equilibria.

e Coupling (J) is the notion of intercellular connectivity. This is the biological
communication network (e.g., gap junctions, cytokine signaling, local electri-
cal coupling). In a malignant state, J is often fundamentally altered, isolat-
ing the tumor from the systemic homeostatic network.

The critical exponents around 7, also have biological equivalence. Near the

>

critical point T, , the behavior of the system is dominated by long-range correla-
tions rather than local interactions. The thermodynamic variables scale accord-

ing to power laws dictated by critical exponents. Let the reduced temperature be

T,-T
t=—L_"" | to characterize the relative deviation from T, . With this notation,

o

the biological equivalence of the critical exponents is as follows:

e The order parameter is the exponent f (moct™” for T, <T,) defines
how rapidly the tissue’s coherent state (e.g., the rigid equilibrium of a tumor
mass) collapses as the system is pushed toward criticality, but <m> —0 at

criticality, not diverge.
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e The susceptibility exponent o |71 ; —Ttr|7y where (y =Z—Z) is the tissue’s

responsiveness to the external intervention (h ). As the system approaches T, ,
susceptibility diverges. This is highly relevant therapeutically: at the critical
point, the biological network becomes exquisitely sensitive to extremely low-
energy perturbations (such as specific modulated frequencies), meaning mini-

mal external force is required to induce a massive shift in the collective state.

7:2[ _T;r

(&) defines the physical distance over which one cell’s state influences an-

e The correlation length exponent & oc is the correlation length

other’s. At 7, , £— o, meaning local fluctuations propagate globally. This
scale-free correlation is the origin of the 1/fnoise (where fis the frequency)
observed in healthy homeostasis; the system acts as a unified whole rather
than isolated parts.

e The specific heat exponent C o

Ty — 1.

r

shows how the specific heat
maps to the variance in energy fluctuations (or metabolic demand). A diver-
gence at T, indicates massive fluctuations in resource utilization as the bio-
logical network attempts to reconfigure its state, a hallmark of a system un-
dergoing a forced phase transition out of a locked equilibrium.

e The dynamical critical exponent 7 oc & oc |l‘|iw describes the critical slow-
ing down of the processes. As a biological system nears a tipping point (like
the collapse of a tumor’s local homeostasis), its recovery time from small per-
turbations ( z ) diverges. The network loses its resilience and responds slug-
gishly to stress, making it highly vulnerable to continuous, modulated exter-

nal interventions just before the phase transition.

2.2. Nonthermal Processes

The nonthermal effects are thermodynamically possible, as shown by the Gibbs
free energy (G ), which is usually counted in chemical reactions in biomaterials.
To study the nonthermal pathways. G determines the spontaneity of processes
under constant temperature and pressure. The differential form for a dielectric
system is:

AG =—SAT +VAp+Y AN, - PAE — MAH (4)

If we assume a hypothetical scenario where the bulk temperature and macro-
scopic pressure are held completely constant (strongly thermostated, so AT =0

and Ap =0), the equation simplifies to:
AG =" AN, — PAE - MAH (5)

This mathematically shows that formally, filed terms enter the free-energy dif-
ferential alongside the thermal term, so an applied field can in principle shift free
energy at fixed bulk temperature, even if there is absolutely zero change in tem-
perature, applying a changing electric ( AE ) of magnetic ( AH ) field will change
the free energy of the system, which in turn must drive changes in polarization

(P), magnetization (M) and chemical composition (AN,) as the system
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seeks a new minimum energy state. Electromagnetic energy is consumed by
forcing chemical reactions, altering molecular configurations, and altering elec-
trochemical gradients through pathways not reducible to bulk heating. The non-
thermal processes do not exclude thermal effects; they involve interactions that
the heat cannot achieve [34]. The nonthermal molecular excitations point to the
biomatter’s natural heterogeneities [35].

To model chemical reactions or varying molecular concentrations (e.g., oxy-
genation or glucose gradients in a microenvironment), we can map the Ising
model onto a “lattice gas” model, which, similarly to the above, admits a 3D ap-
proximation [28]. Here instead of s, =+l states, we define a discrete state var-
iable based on chemical occupation or conformational state, 7, € {0,1} . Intro-
ducing the chemical potential ( x, ), which represents the energy required to add
or remove a specific molecule or alter a localized chemical state, the transformed

chemical Hamiltonian becomes:

Hchem = _JZ ninj _:uczni (6)
{i.7) i

Its biological meaning of the coupling J represents cooperative chemical
binding or allosteric interactions between neighboring cellular receptors. If .
is highly positive (e.g., an abundance of resources or a highly acidic extracellular
pH driving a specific cellular response), the system is strongly biased toward the
n, =1 state, regardless of the thermal noise (7). Note that the 7 Noise is not
only thermal heat; it is a stochastic noise of the system, fluctuations in metabolic
availability, genetic expression, or environmental stressors, so it is not only the
temperature, as the standard meaning in classical thermodynamics.

Standard thermodynamics treats an external magnetic or electric field as an
additional contribution to the bulk energy that ultimately thermalizes (heating
the system). However, nonthermal interventions, such as highly specific modu-
lated radiofrequencies, do not primarily raise the bulk temperature 7 . Instead,
they act as a time-dependent, targeted field that interacts selectively with the di-
pole moments or membrane-potential states of the cells, thereby introducing
nonthermal aspects. Introducing a non-thermal driving field, E ; (t), which

couples specifically to the susceptibility (7, ) of the discrete unit i.
HnT :_Z}/iEnT (t)nz (7)

This represents an externally applied, symmetry-breaking force that bypasses
systemic thermal regulation. Because malignant or stressed tissues often possess
different membrane physical properties (altered dielectric constants or lipid raft
densities), y, varies between healthy and pathological cells. The non-thermal
field selectively forces the pathological cells out of their local equilibrium, driv-
ing them toward a phase transition (apoptosis) without requiring a massive in-
crease in systemic 7.

Taking the chemical changes also into account in a real biological network,

the communication between cells (the coupling J ) is not a fixed structural con-
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stant. It is dynamically gated by the chemical environment. For example, gap
junctions close in the presence of high intracellular Ca** or low pH, which re-
quires elevating the J from a constant to a function of the local chemical gra-
dient C (x,t)

J—J;(C) (8)

If a tumor microenvironment becomes highly hypoxic and acidic, J — 0.
The local biological units decouple from the systemic homeostatic network (the
system loses its long-range correlation length, &), allowing the pathology to es-
tablish its own isolated, rigid phase.

Combining these aspects, the unified extended Hamiltonian for the biological
system is:

Htutal = _<Z:> Jij (C)Sisj - Z((hrhermal +u.+ 7iEnT (t))ni) (9)
L

i

The partition function Z, which now sums over all microstates while ac-

counting for both thermal noise ( 5 = ) and chemical/nonthermal energetic

B
shifts, becomes:

; (r tal
Z = - 10
total %exp[ kBT ( )

By rewriting the model this way, we encode, rather than prove the hypothesis
that a targeted nonthermal interventions can shift the system’s energy mini-
mum; whether real interventions realize this shift is a testable prediction. If a
pathological tissue has decoupled itself chemically (J — 0) and established a
highly ordered, rigid state (m —1), simply raising the systemic temperature
(7 ) may not be enough to break its equilibrium before damaging healthy tissue.

2.3. Biological Mapping Strategies

Mapping real biological systems onto the Ising framework requires identifying
the relevant “spins” and “couplings”. In neural networks, spins correspond to
the binary firing states of neurons (active/silent), and couplings encode synaptic
strengths. In gene regulatory networks, spins represent the on/off expression
states of genes, with couplings derived from transcription factor binding affini-
ties. At the cellular scale, particularly relevant to cancer and tissue biology, spins
map onto cell phenotypic states (proliferative/quiescent, epithelial/ mesenchy-
mal), and couplings represent cell-cell signaling, adhesion, and mechanical in-
teractions.

A particularly powerful approach is the maximum entropy framework [36], in
which the Ising couplings J; and local fields 4 are inferred directly from ex-
perimental data (e.g., multi-electrode recordings, single-cell RNA-seq, or calci-
um imaging) by requiring that the model reproduce the observed first and sec-
ond moments of the data, the mean activities (s[> and pairwise correlations

<SiS j> , with maximum entropy (minimum assumptions) otherwise. This inverse
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Ising problem has been solved using mean-field approximations [37], belief
propagation [38], and Monte Carlo methods [39].

2.4.1/fNoise as a Signature of Self-Organized Criticality in
Biology

A signal x(t) is said to exhibit 1/fnoise (pink noise) when its power spectral
density § ( f ) scales as:

1

S(f)c— 05<a<1.5 (pinkorl/f noise when a ~1)

(11)

In the Ising framework, the connection between criticality and 1/f dynamics
arises from the divergence of the autocorrelation time 7 oc&” (where z is the
dynamical exponent) as the correlation length & — o at the critical point. The
resulting superposition of exponentially decaying correlations over all time scales,
weighted by the critical distribution of cluster sizes, generates the 1/fspectrum.
This is a rigorous result within the theory of critical slowing-down and applies

broadly to all systems near a second-order phase transition.
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Figure 2. Self-organized criticality (SOC) in biosystems. (a) The three-ingredient recipe for SOC in homeostatic control: slow
driving + threshold + local coupling > criticality. (b) The typical SOC process is homeostatic control: slow loading and fast release
(avalanche-like phenomena) when the threshold is reached. (c) Criticality and phase transition in homeostasis. Tissue coherence
abruptly drops at the transition temperature, while sensitivity and other physical parameters increase significantly.
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A crucial theoretical question is why biological systems would be poised near
criticality. Evolutionary selection may favor criticality because it maximizes com-
putational capacity: critical systems exhibit the longest memory, the greatest sen-
sitivity to inputs, and the richest repertoire of dynamical states, properties that
confer adaptive advantages.

The complexity of living systems is in a critical stage, developing self-organized
criticality (SOC) [40], which is formulated as the “life at the edge of chaos” [41].
The permanent control of homeostatic equilibrium and the opposing effects of
the balancing factors indicate the “edge of chaos” [25]. It provides a dynamical
mechanism by which systems with slow driving and fast relaxation spontaneously
evolve toward the critical state without fine-tuning of parameters (Figure 2). It
predicts that systems driven slowly with local dissipation, sandpiles, earthquakes,
forest fires, and neural networks, will self-organize to the critical point, and that
the resulting dynamics will exhibit 1/fpower spectra and power-law size distri-
butions of “avalanches”. While 1/fspectra are consistent with critical dynamics,
they may arise from alternative mechanisms such as superposed relaxation pro-

Cesses.

2.5. Homeostasis as Criticality: The Healthy Organism at the Edge

However, by tuning the non-thermal field E , (t) to match the specific suscep-
tibility y, of the diseased state, you apply a targeted energetic penalty that forc-
es the local Hamiltonian into an unstable state, catalyzing a localized phase tran-
sition back toward systemic control.

This paradox of a homeostatic equilibrium and ever-changing dynamism, and
the critical stage at the edge of chaos and order, is resolved by the critical state
hypothesis: healthy physiology operates near a critical point, generating 1/fnoise
and power-law statistics that reflect the long-range temporal correlations of a
system near criticality. The Ising analogy is instructive: a ferromagnet precisely
at critical temperature (T, ) displays fluctuations at all spatial and temporal scales
simultaneously; it is neither rigid (ordered) nor incoherent (disordered). Healthy
tissue in this model occupies an analogous position in its own phase space.

The multicellular organism can be viewed as a vast network of coupled oscilla-
tors and binary-state decision-makers, embedded in a noisy thermal-like envi-
ronment. Gap junctions, paracrine signaling molecules, mechanical stress trans-
mission through the extracellular matrix, and electrical field coupling all provide
the physical substrate for Ising-like interactions between cells. The state of a cell
at any moment reflects the integrated outcome of these interactions and its in-
ternal signaling state.

In healthy tissue, these couplings maintain the critical balance between local
order (domain formation, coordinated cell behavior) and global disorder (inde-
pendence, heterogeneity). The correlation length is large but finite, communica-
tion propagates across many cell diameters, enabling coordinated responses to

perturbation without catastrophic, system-wide phase transitions that would
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compromise function. The system retains both sensitivity (to respond to growth
factor gradients, injury signals, or metabolic needs) and stability (to resist runa-
way proliferation or excessive apoptosis).

The Ising model also provides a natural language for developmental processes.
Embryogenesis requires the symmetry-breaking passage from a uniform, undif-
ferentiated state (analogous to the high-temperature disordered phase) to spatial-
ly organized, differentiated tissue (analogous to the ordered, magnetized phase).
Reaction-diffusion systems, morphogen gradients, and cell fate decision circuits
can all be analyzed as systems undergoing effective phase transitions, with the
critical point corresponding to bifurcations in the underlying dynamical systems.
Epigenetic landscapes, as formalized by Waddington, can be reinterpreted as free-
energy surfaces within a statistical-mechanical framework, with cell differentia-
tion as a descent into energy minima separated by saddle points, traversed near

criticality.

3. Loss of 1/f Complexity

The most clinically striking feature of 1/f noise in physiology is its systematic
degradation in aging and disease. It was documented [42] extensively that: (1)
normal sinus rhythm exhibits 1/fHRV scaling; (2) aging progressively reduces
the exponent ¢ toward white noise (o — 0, loss of long-range correlations,
loss of criticality); (3) pathological states, congestive heart failure, diabetic auto-
nomic neuropathy, atrial fibrillation, Alzheimer's disease, shift HRV spectra ei-
ther toward white noise (excessive disorder) or toward sinusoidal regularity (ex-
cessive order), both representing departures from the critical intermediate.

This bidirectional loss of complexity, the complexity loss theory of disease and
aging [43], maps precisely onto the biophysical picture of departure from criti-
cality. In the Ising analogy, the aging or diseased organism shifts away from the
critical point 7, either toward the ordered phase (7,

eff’

dynamics, excessive correlations) or toward the disordered phase (7, -

random, uncorrelated fluctuations, failure of coordination). Both trajectories are

< T, : rigid, stereotyped

>T,:

pathological.

Crucially, 1/fexponent analysis (detrended fluctuation analysis, DFA; or mul-
ti-scale entropy, MSE) of physiological time series has emerged as a practical
clinical tool. DFA scaling exponents of HRV, gait variability, and EEG distin-
guish healthy controls from at-risk patients, with sensitivities and specificities
competitive with or exceeding those of conventional biomarkers. The DFA ex-
ponent is, in effect, a quantitative measure of how close a physiological system is
to its critical point.

Cancer cells and tumor tissue exhibit profound alterations in 1/fnoise charac-
teristics. At the membrane level, the ion channel current fluctuations of cancer
cells show altered 1/fexponents relative to their normal counterparts, reflecting
the disrupted lipid-raft criticality. Patch-clamp recordings from cancer cell lines

consistently show power spectra that deviate from the near-unity « of normal
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epithelial cells, shifting toward either « <0.5 (excessive randomness) or
a >1.5 (excessive slow fluctuations indicative of anomalous diffusion in altered
membrane environments).

At the network level, the electrical impedance spectra of tumor tissue (meas-
urable non-invasively by bioimpedance spectroscopy) show characteristic devia-
tions from the Cole-Cole model with 1/fexponents altered relative to normal tis-
sue. These spectral alterations are directly exploited in bioimpedance-guided
targeting used in mEHT systems, providing a biophysical rationale for selective
energy deposition in tumor versus normal tissue [44].

Signs of criticality are observed in neural systems and in homeostatic plasticity
mechanisms, in which neurons regulate their own excitability and synaptic
strengths to maintain a target mean firing rate, have been shown theoretically and
experimentally to drive networks toward critical branching ratios. In neural net-
works, the prediction is neuronal avalanches whose size distribution P(s) o s
and duration distribution P(¢)cc 7, precisely the mean-field critical exponents
[31] confirmed these predictions in cortical slices, and subsequent in vivo stud-
ies have extended these findings across species and brain regions.

The dynamical fractal structure marks the self-organization both in structural
and time arrangements [40], and it dynamically regulates the living matter [45].
The 1/ffluctuations [12] define the time-fractal structure of living systems in a
stochastic manner [11]. The self-similarity gives a scale-free structure of 1/£ so
that each octave interval (halving or doubling in frequency) carries an equal
amount of noise energy in the 1/f noise. Aging and diseases modify the noise
spectrum, with a gradual loss of system complexity (Figure 3).

The healing mechanism restores homeostatic control, keeping the system at
maximum sensitivity and adaptability. The self-organized geometric network
symmetry of living systems can transform the white noise into pink noise [46],
forming the most common signal in biological systems [47].

The long-range memory of 1/fnoise ensures that distant parts of a tissue, or
different regulatory loops, remain coupled. It is the hallmark of SOC when the
system is constantly communicating with itself across all times and spatial scales
to stay at the “edge of chaos.” This chaos is the realization of a well-organized
stochastic (probabilistic) system [48]. Chaos is only an ostensible complete dis-
order [49].

Modeling such a complex system as biological homeostasis is challenging.
Usually, only a few key critical behaviors of these systems can be accurately de-
scribed and mathematically analyzed. One of these critical structures the self-
organized criticality describes the living dynamism as the edge of chaos and or-
der, calculating a second-order phase transition that characterizes that “edge”,
the homeostatic dynamic equilibrium. Such a mathematically manageable, statis-
tically correct model is the Ising model.

At SOC, the system may be poised at a critical state at the boundary between

distinct dynamical regimes. The self-organization of living systems towards crit-
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side, with the narrow ridge of health at « ~1. (The figure shows real-looking HRV signals and their power spectra for
healthy young adults (1/4), elderly (reduced exponent), and CHF (white noise)).

Traditional physiology defined health as the maintenance of stable, constant
internal conditions, inspired by Claude Bernard’s milieu interior [55], Walter
Cannon’s homeostasis [56]. However, a closer look at healthy physiological signals
shows that stability is not the defining feature of health; instead, it is structured
variability. Heart rate variability (HRV), respiratory rate, electroencephalographic
(EEG) oscillations, and gait fluctuations all demonstrate non-stationary, scale-free
dynamics in healthy individuals, and a shift toward regularity or randomness in

disease and aging.

3.1. Oncogenesis as a Departure from Criticality

Cancer is, at its core, a disease of disrupted cellular cooperation. Malignant

transformation involves not merely the autonomous dysregulation of individual
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cells but the breakdown of the cooperative tissue-level order that normally con-
strains proliferation and maintains differentiation. From the perspective of the
Ising model, oncogenesis can be conceptualized as a phase transition away from
the critical regime, either toward excessive order (clonal dominance, synchro-
nized oscillations in metabolic states) or toward excessive disorder (genomic in-
stability, phenotypic heterogeneity, loss of coordinated signaling). Very near to
the breaking of criticality, the critical exponents define the deviation.

The tumor microenvironment (TME) presents a profoundly altered physical
and chemical milieu: hypoxic gradients, acidification, elevated interstitial pres-
sure, and remodeled extracellular matrix all alter the effective “temperature” and
“coupling constants” of the cellular Ising system. Tumor cells frequently exhibit
altered gap junction composition, reduced connexin expression, and dysregulat-
ed paracrine signaling, effectively decoupling them from the cooperative net-
work. This decoupling shifts the effective J and T parameters of the tissue

Ising model, moving the system away from criticality.

3.2. Membrane Phase Separation and Lipid Raft Dynamics

A particularly compelling application of Ising criticality in oncology concerns
the plasma membrane. The biological cell membrane is a two-dimensional fluid
bilayer composed of hundreds of lipid species, cholesterol, and embedded pro-
teins, and it is a realization of a 2D Ising universality class system. The lipid vesi-
cle membranes composed of ternary lipid mixtures exhibit a miscibility critical
point whose universality class matches that of the 2D Ising model, characterized
by critical fluctuations between liquid-ordered ( L, ) and liquid-disordered (L, )
phases [57].

Critically, plasma membrane compositions of living cells appear to be poised
near this miscibility critical point at physiological temperatures. Critical fluctua-
tions in membrane composition give rise to the transient, nanoscale lipid raft
domains that organize signaling receptors, regulate receptor-ligand binding ki-
netics, and modulate the lateral diffusion of membrane proteins. In cancer cells,
altered lipid metabolism (increased cholesterol, modified fatty acid saturation
profiles) shifts the membrane away from criticality, disrupting raft dynamics and
altering the spatial organization of receptor tyrosine kinases, G-protein coupled
receptors, and immune checkpoint molecules.

Altered lipid raft dynamics in cancer cells affect EGFR dimerization, RAS
clustering, and PD-L1 distribution, providing mechanistic links between mem-
brane biophysics, oncogenic signaling, and immunotherapy response. Restoring
membrane criticality may therefore be a novel therapeutic target. This is recog-

nized and used by modulated electrohyperthermia (mEHT).

3.3. Epithelia-Mesenchymal Transition as a Phase Transition

The epithelial-mesenchymal transition (EMT), a process by which epithelial cells

acquire mesenchymal, invasive characteristics central to metastasis, can be for-
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malized as a first-order phase transition in a multi-stable genetic regulatory net-
work. The core EMT regulatory circuit, involving mutual inhibition between the
epithelial transcription factor CDH1 (E-cadherin) and the mesenchymal factors
SNAIL, TWIST, and ZEB, constitutes an effective bistable Ising-like spin system
at the cellular level. The transition between states is driven by TME signals that
function as an effective external field h, tilting the effective free energy land-
scape. Near the transition, cells traverse a hybrid E/M state that displays maxi-
mal phenotypic plasticity, an analog of the critical fluctuations of the Ising mod-

el.

4. Tumor Heterogeneity and Spin Glass Dynamics

The remarkable phenotypic heterogeneity of solid tumors, in which cells from
the same lesion display dramatically different gene expression profiles, metabolic
states, and drug sensitivities, is naturally accommodated by a spin glass generali-
zation of the Ising model. In spin glass systems, the coupling constants J; are
random variables, drawn from a distribution with zero mean and finite variance.
The resulting frustrated interactions lead to an exponentially large number of
metastable states (a complex free-energy landscape with many local minima),
slow relaxation dynamics, and extreme sensitivity to initial conditions, all hall-
marks of tumor biology.

Tumor cells embedded in a heterogeneous microenvironment, with randomly
varying paracrine signals, matrix stiffness gradients, and oxygen partial pres-
sures, experience precisely such frustrated, disordered coupling. The spin glass
framework predicts the coexistence of multiple cellular phenotypes, the dynamic
interconversion between states driven by stochastic fluctuations, and the diffi-
culty of therapeutic targeting (analogous to the hardness of finding the ground
state of a spin glass, an NP-hard computational problem).

While the Ising model and its lattice-gas variants are excellent for modeling
phase transitions in cooperative, homogeneous biological networks, they often
fall short in describing the messy, conflicting reality of complex pathologies.
This is where the spin-glass model becomes a vital biophysical tool.

If the Ising model represents a healthy, unified tissue acting in cooperative
synchrony, the spin-glass model represents the chaotic, deeply entrenched, and
highly resistant state of a pathological network, such as a tumor microenviron-
ment (TME).

The fundamental difference between the two models lies in the nature of in-
tercellular coupling:

1) In the standard Ising model (cooperative homeostasis) the coupling con-
stants are uniform and positive (/; >0). Every discrete unit (cell) seeks to align
its state with its neighbors. This provides a model of healthy tissue that has intact
gap junctions and paracrine signaling. The cells cooperate to maintain a unified
homeostatic state, easily sharing resources and electrical polarization.

2) In the spin-glass model (pathological frustration), the couplings (Jl-]-) are

DOI: 10.4236/abb.2026.178024

392 Advances in Bioscience and Biotechnology


https://doi.org/10.4236/abb.2026.178024

A. Szasz

drawn from a random probability distribution containing both positive (cooper-
ative) and negative (antagonistic) interactions. This creates frustration: a state in
which a cell cannot simultaneously satisfy the conflicting demands of all its
neighbors. In a TME, signaling is highly dysregulated. Hypoxia, necrotic cores,
and erratic vascularization create conflicting chemical gradients. Some cells emit
pro-survival signals while neighboring immune cells or hypoxic stressors emit
pro-apoptotic signals. The tissue is functionally “frustrated,” unable to find a

simple, unified consensus.

4.1. The Energy Landscape and Metastability

The nature of the interactions defines the Hamiltonian () and drastically al-
ters the thermodynamic energy landscape of the tissue (Figure 4).

1) Ising energy landscape (smooth and symmetrical) is relatively smooth, re-
sembling a wide valley with one or two deep, global minima (e.g., completely
healthy or completely apoptotic). Below the critical temperature ( 7, ), the system
effortlessly settles into a highly ordered global minimum.

2) Spin-glass landscape (rugged and ultrametric) because of frustration. The
spin-glass energy landscape is extraordinarily “rugged,” filled with countless lo-
cal valleys, ridges, and metastable minima. This perfectly describes the resilience
of malignant homeostasis. A tumor does not represent a true global equilibrium;
it is trapped in a sub-optimal, rigid, metastable state. Because the energy barriers
between these local valleys are so high, normal systemic fluctuations (healthy bi-
ological noise) are entirely insufficient to dislodge the malignant tissue from its

pathological route.

Healthy homeostasis
(Ising landscape)

Pathologicalfrustration
(spin-glass landscape)

Rugged pathological minima with one relative smallest
(metastatic minimum)
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Figure 4. The models of the healthy and pathological states. (a) Healthy homeostasis is characterized by a definite energy mini-
mum, modeled using the Ising process. (b) The pathological state has a rugged landscape with multiple minima. (c) The free ener-
gy in a one-dimensional state coordinate shows the relative lowest minimum, when the system could be trapped, while locally also
blocked in wells, from where the escape is to the lower minima.

4.2. Response to External Interventions (Bulk vs. Modulated
Energy)

This thermodynamic comparison explains why simply heating a tumor (classic
hyperthermia) often fails, and why modulated, non-thermal targeting is re-

quired.
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1) Perturbing the Ising model with a uniform external field h or a bulk tem-
perature increase (T ) easily tilts the smooth energy landscape, forcing the coop-
erative cells to flip into a new phase.

2) Perturbing the spin-glass model with a uniform field (like bulk, unmodu-
lated heat) to a spin-glass merely “jiggles” the system within its rugged local val-
ley. Because the interactions are frustrating and heterogeneous, bulk energy does
not provide a coherent direction for the tissue to follow. To break a spin-glass
state, one must apply a specific, time-dependent, modulated field that couples
directly to the unique susceptibilities ( , ) of the trapped nodes. By targeting the
specific dielectric properties of the malignant cells, the intervention selectively
lowers the energy barriers of the rugged landscape, forcing the trapped system to
“melt” and reorganize, allowing the broader, healthy homeostatic field to clear
the pathology.

To mathematically capture a biological reality in which a highly ordered,
healthy system, a frustrated tumor core, and an actively hostile immune bounda-
ry coexist, we must abandon the assumption of a globally homogeneous cou-
pling distribution. Instead, we must define the coupling distribution P(JU.) as
a spatially structured, multi-phase distribution. By compartmentalizing the net-
work, we can model the tissue as a set of distinct thermodynamic “players,” ef-
fectively framing the cellular interactions as a localized game-theoretic equilibri-

um, and formulate the topologically dependent coupling distribution.

4.3. Defining the Topological Compartments

Let us assign every discrete cellular node i to a specific biological subset based
on its spatial coordinate 7;:

V,, (healthy tissue), assigns the surrounding host bulk tissue, maintaining regu-
lar homeostatic order. ¥, (tumor core) corresponds to the hypoxic, dysregulated,
usually necrotic glassy core, V, (immune infiltrate) designed for the boundary
layer or infiltrating immune cells acting at the interface of V,, and V.

We can define the overarching coupling distribution as a spatial mixture
model, where the nature of J; depends entirely on the identities of the inter-
acting pair:

P(J;)= 5(ie,)8(jeV,)Py () (12)
a,pe{H.T,I}
where ¢ is the Dirac delta (or a Kronecker delta for discrete sets), ensuring
that the correct sub-distribution F,; is applied to the edge connecting node i
and node ;.

The sub-distributions ( F,;) has localized groups as healthy-healthy ( B, ),

tumor-tumor ( P, ) and active boundary (immune-tumor) ( P, ) factions. Let's

suppose that each localized distribution is a Gaussian

2
N(x, ,u,O'Z)— ! exp(—l(x_’u] J, but with vastly different means and

o2n 2\ o
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variances to represent the local biological physics.

The homeostatic bulk P, has strong, positive “ferromagnetic” coupling.
The low variance ensures that almost all interactions are cooperative, yielding
the long-range correlation lengths (& — o) and 1/f noise characteristic of ro-

bust systemic regulation. In these conditions:

J, OCN(JO,O'Z[) where J, >0and 0, < J, (13)

y

The rugged core (tumor-tumor, P,,) can be modeled with the classic spin-
glass [58], where the mean coupling is zero, but the variance is massive. The tis-
sue is deeply frustrated by conflicting signals (hypoxia, chaotic angiogenesis),

trapping the core in a rigid, localized, and highly stable sub-optimal equilibrium

Jy o N(O, 0';) where o, is large (14)

The active boundary (immune-tumor P, ) is a strong “antiferromagnetic”
(antagonistic) interaction. The immune cells (V) are actively attempting to flip
the state of the malignant cells (V) toward apoptosis. This creates a massive

thermodynamic “surface tension” at the tumor boundary.

J; o N(—Jam,afr) where J,,, >0 (15)

4.4. The Game-Theoretic Stalemate and Its Braking

By defining P(J !./.) this way, the Hamiltonian reveals why natural immune
clearance often fails. At the boundary, the immune cells deploy a highly antago-
nistic “strategy” (—J

ant

). However, because the tumor core (V) is bound by the
rugged spin-glass matrix ( o; ), the energy required to flip a single tumor cell is
extremely high. The tumor’s glassy metastability acts as a defensive Nash equi-
librium, where the change from any antagonistic sides makes worst payoff, so
this is the local equilibrium. The immune cells can push against the boundary,
but the perturbation cannot propagate into the core because the spin-glass lacks
the necessary correlation length to carry the signal. The system is locked in a
frustrated stalemate.
The grand canonical Hamiltonian with the non-thermal intervention term
(Equation (9)) can break this stalemate Nash equilibrium:
Hmml :_<Z>Jijsisj _Z(:uc +7iEnT (t))ni (16)
i i
When a highly targeted, modulated intervention (like mEHT) is applied, the
field E,, (t) couples exclusively to the high susceptibility (y,) of the ¥,
nodes. The electric field of mEHT forcefully elevates the local energy state of the
tumor nodes. This “melts” the rugged landscape of P, effectively erasing the
high variance o that was protecting the core. With the core’s defensive equi-
librium disrupted, the strong antagonistic coupling from the immune boundary
( P, ) rapidly cascades inward, driving a phase transition that collapses the ma-
lignant network and further drives it toward the immunogenic solution, the

strong part of mEHT (see later).
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4.5. The Critical Values at the Edge of Chaos

The three-dimensional (3D) models of biological tissues are spatial networks
that need to accurately compare the numerical values of the critical temperature
(T.) and critical exponents.

For the standard Ising model, we assume a 3D simple cubic lattice with uni-
form ferromagnetic coupling (J > 0). For the spin-glass model, we use the 3D
model [58] with a Gaussian distribution of couplings (=0, &* =J%).

It is important to note that while the 3D Ising exponents are known to ex-
tremely high precision via conformal bootstrap and renormalization group
methods. 3D spin-glass exponents are notoriously difficult to calculate and are
derived primarily from massive Monte Carlo simulations, leading to slight nu-
merical uncertainties.

The stark contrast in the numerical values (Table 2) provides the strict ther-
modynamic justification for why malignant tissues behave differently than
healthy tissues, and why standard interventions often fail. There is a drastic drop
in critical temperature (7, / T, ), the spin-glass transition occurs at a radically
lower “temperature” (systemic noise level) than the Ising transition. This is be-
cause of the deep frustration (conflicting signaling, hypoxia) in the tumor core,
the tissue cannot maintain a highly ordered state at normal physiological noise
levels. It “freezes” into its rigid, sub-optimal pathological state at a much lower
threshold. The tumor is thermodynamically isolated from the higher-energy co-
operative dynamics of the surrounding healthy tissue.

The massive shift in susceptibility ( y ) is observed. In the Ising model, stand-
ard linear susceptibility diverges, in a spin-glass, linear susceptibility ( y ) does
not diverge at all (it merely forms a cusp). Instead, it is the non-linear suscepti-
bility ( y,, ) that diverges, and it does so with a massive exponent. This is per-
haps the most critical mathematical distinction for therapeutic intervention. The
spin-glass tumor core responds only weakly to a linear, bulk physical force (such
as standard, unmodulated macroscopic heating) because its linear susceptibility
exhibits only cusp-like behavior, whereas higher-order nonlinear susceptibilities
diverge strongly. However, because y,, diverges with an enormous exponent
near T,. The tumor core is mathematically hypersensitive to nonlinear, time-
varying interventions (such as specific amplitude-modulated electromagnetic
fields). The divergence of the nonlinear susceptibility suggests a route by which a
modulated intervention could couple more strongly to the frustrated spin-glass
core than to the cooperative Ising-like tissue (which lacks divergence). This is a
model-based expectation rather than a proof: the degree of selectivity in tissue
must be established experimentally, and healthy tissue is expected to be less af-
fected.

The spin-glass has a negative specific heat exponent while the 3D Ising model
has a small positive « . The specific heat sharply diverges (a sharp phase transi-
tion) in the spin-glass « is highly negative. A negative « means the specific

heat does not approach infinity at T, ; the phase transition is incredibly
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“smeared out” or sluggish h. The tumor does not abruptly collapse when system-
ic conditions change; its frustrating nature allows it to absorb thermal energy
through countless metastable pathways without actually changing its fundamen-
tal biological state.

The dynamic relaxation (z ) diverges. The dynamical critical exponent z
dictates the relaxation time (7 oc £%). In the spin-glass, z is roughly three
times larger than in the Ising model. When a healthy tissue (Ising) is perturbed,
it recovers its homeostatic equilibrium relatively quickly. When a glassy tumor
core is perturbed, its relaxation time is astronomically long. If you apply a pulsed
or modulated non-thermal field at a frequency that is faster than this deeply
sluggish relaxation time, the malignant tissue cannot dissipate the absorbed en-
ergy through normal homeostatic pathways. The energy accumulates explicitly

in the pathological network, forcing the localized transition into apoptosis.

Table 2. The numerical comparison and what these profound differences mean for biophysics and targeted interventions.

. 3D Ising model 3D Spin-Glass Mathematical/Physical
Parameter/Exponent 2D Ising model . . .
(Healthy homeostasis)  (Pathological core) definition
- kT .
Critical Temperatures k,T, =227 k,T. ~45] sTs - 0,95 The noise threél?old where the
(T4 Ty) J J J phase transition occurs.
Di f heat it
a (Specific heat) 0 ~0.110 ~-1.510 -2.0 fvergence ot heat capacity
(energy fluctuations).
Scaling of magnetization (m )
p (Order parameter) 1/8 =0.326 =0.7 t0 0.8 vs. Edwards-Anderson overlap
(q).
=5.51t06.5 Responsiveness of the system
S tibilit 714 ~1.237 (li .
y (Susceptibility) / (linear 7) (nonlinear y,,) to an external field.
H idly the infl f
v (Cotrelation length) 1 ~0.630 ~2.4102.8 ow rapiciy the mfluence 0
one cell spreads to others.
“Critical slowing down”
2z (Dynamical) ~2.17 ~2.02 ~5.510 6.5 ritical slowing cownl
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5. Principles of mEHT

Modulated electro-hyperthermia (mEHT, commercially known as oncothermia)
is a cancer treatment modality [59] that applies amplitude-modulated radiofre-
quency (RF) electromagnetic fields, typically at 13.56 MHz, with complex modu-
lation signatures that include components spanning a broad frequency range,
including the 1/f noise regime, to tumor tissue [53] [54]. Unlike conventional
whole-body or regional hyperthermia, which aims primarily for uniform ther-
mal elevation, mEHT exploits the dielectric and electrical properties of tumor
tissue to achieve preferential energy deposition in the tumor relative to sur-
rounding normal tissue and to induce non-thermal effects at the cellular and

subcellular scales.
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The key biophysical principle underlying mEHT’s selectivity is the differential
dielectric properties of tumor versus normal tissue [60] [61]. mEHT likely acts
through a combination of dielectric selectivity, membrane-level nonlinearities, and
network-level critical dynamics. Tumor membranes, with their altered lipid com-
positions, elevated membrane cholesterol, and dysregulated ion channel expres-
sion, exhibit distinct complex permittivity spectra & (a)) = 5’((0)—1’8"(0)) / @
relative to normal tissue. The S-dispersion of tissue dielectric properties (occurring
in the MHz frequency range, arising from Maxwell-Wagner polarization at cell
membrane interfaces, p-dispersion) is particularly relevant: it governs the fraction
of applied RF energy absorbed at membrane interfaces versus intracellular space
[62]. The RF current exhibits a characteristic dispersion in the MHz frequency
range (upper f-dispersion [63], which referred in the literature as J-dispersion
[64] and the Schwan effect [35]), which highlights lipid-protein interactions and
selects water-bound states [65] at the membrane, effectively directing energy to
the target [66].

The mEHT applies a frequency at the high end of this special frequency range
(d-dispersion) using 13.56 MHz, an ISM-band frequency allocated for industrial,
scientific, and medical use. The high-frequency £/ dispersion selects the malig-
nant cells and promotes energy absorption in their membrane rafts. The targeted
rafts influence transport and signal transduction [67], are involved in numerous
signal paths, and sense various stresses [68]. However, the application of low
frequency (a-dispersion) would be essential for triggering the necessary homeo-
static and intracellular signals. The mEHT resolves the apparent contradiction of
simultaneously having a high selection frequency and a low homeostatic 1/f
spectrum, involving the transmembrane protein excitations. The solution to the
challenge is that the appropriate low-frequency amplitude modulates the high-
frequency carrier. The membrane rectifies the modulated signal. The carrier fre-
quency in the rectified signal remains active, but mainly at the cellular mem-
brane. In this way, the original modulation signal drives the excitation process.

The amplitude-modulation results demonstrate the concept [41].

5.1. Membrane Targeting and Ising Criticality

The most important non-thermal mechanism of mEHT, from a biophysical
standpoint, is its action on membrane lipid raft dynamics. The oscillating elec-
tric field at 13.56 MHz directly couples to the dipolar and ionic constituents of
the membrane bilayer, driving oscillations in lipid domain boundaries. The raft
arrangement in the healthy membranes can be described with 2D Ising model
[69], having curvature stabilization [70]. The membrane-raft coexistence struc-
ture can be described with two interacting 2D layers [71]. At criticality, lipid
domain fluctuations are maximally sensitive to external perturbation, and so the
dielectric susceptibility y is at its maximum (in principle infinite).

In tumor cells, the departure from membrane criticality reduces this susceptibil-

ity, but simultaneously creates large-scale compositional inhomogeneities (phase-
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separated domains rather than critical fluctuations). The amplitude-modulated RF
field of mEHT preferentially couples to these inhomogeneous domains through
their enhanced local dielectric contrast, depositing energy selectively at domain
boundaries [72], the analog of domain walls in an Ising ferromagnet. Domain
wall dynamics in 2D Ising systems are known to exhibit rich nonlinear behavior,
including roughening transitions and critical slowing-down phenomena, which
translate in the biological context to disruption of raft-associated signaling com-

plex assembly.

5.2. The 1/fModulation Spectrum and Biological Resonance

A defining feature of mEHT, distinguishing it from conventional RF hyperther-
mia, is its complex amplitude modulation pattern. The modulation signal con-
tains components across a broad frequency band, with a power spectral density
approximating a 1/f(pink noise) spectrum in the low-frequency range (0.1 - 100
Hz). This feature is not merely a technical artifact but a deliberate design choice
with deep biophysical rationale.

As elaborated above, healthy biological systems generate 1/fnoise as a hallmark
of their operation near criticality [40]. Biological oscillators, including membrane
potential fluctuations, cytoskeletal dynamics, and metabolic oscillations, are en-
trained to and resonate with 1/£distributed inputs. The application of 1/£
modulated electromagnetic fields can therefore be understood as providing a
stochastic resonance (SR) input that preferentially engages systems operating in
the critical regime. Healthy cells, operating near criticality, respond adaptively to
this input (with possible beneficial effects on gap-junction communication and
stress-response coordination), while tumor cells, shifted away from criticality in-
to a disordered or spin-glass-like regime, experience destructive interference be-
tween the applied field and their dysregulated intrinsic dynamics. The nonther-
mal effects do not attributable to a rise in bulk temperature, but it is not the ab-
sence of any heating; the modulation supplies a directed bias while the carrier
supplies stochastic drive. The thermal component significantly influences reac-
tion conditions and speed (Arrhenius effect), making the thermal background
essential for optimizing the mEHT effect.

In the point of healthy homeostasis, described by the Ising model, the stochas-
tic resonance (SR) is a counterintuitive phenomenon in which the addition of
noise to a nonlinear system improves its detection of weak signals. The critical
divergence in how the Ising and spin-glass models process information and en-
ergy is the difference between the healthy and malignant tissue processes. At T,
the Ising system is poised at criticality. The correlation length & — o0, and the
linear susceptibility y diverges. The system effectively acts as a macroscopic
antenna. Because the energy barriers between states vanish at 7, , the system
can amplify a weak signal purely through its own scale-free correlations. In this
regime, the role of SR is reduced near ideal criticality but becomes dominant in

subcritical, metastable systems such as spin-glass-like tumors, as there is no
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threshold barrier that requires noise to cross.

However, in the spin-glass model (representing the tumor), the physics are
entirely inverted, and stochastic resonance (SR) becomes the primary mecha-
nism of therapeutic action. The mEHT’s 1/f modulation and stochastic reso-
nance exploit to preferentially disrupt tumor cell signaling, restore the healthy
overall homeostatic 1/fnoise. The biophysical and mathematical breakdown of
why SR is vital for disrupting the spin-glass tumor core needs explanation.

In a spin-glass, the system is frozen far below its critical temperature
(T,; <T,_, ) due to the deeply frustrated couplings (/). The free-energy land-
scape is not smooth; it is ultrametric and highly rugged, characterized by deep,
isolated valleys (metastable states) separated by massive energy barriers (AE ).

If you apply a specific, weak, non-thermal intervention (Eq.(9), like the ampli-
tude modulation in mEHT), let’s it E,, (¢) = E, cos(wt). Because the signal is
weak to avoid damaging healthy tissue, its energy is far lower than the barrier
height: E; << AE . The weak signal without noise merely causes the tumor’s state
to undergo tiny, linear oscillations at the bottom of its deep, pathological valley.
The tumor absorbs the signal but does not change its state. It remains trapped.

This is when SR becomes an important player. SR occurs in non-linear sys-
tems when an optimal amount of noise (stochasticity) is added to a weak period-
ic signal, allowing the system to cross a threshold it could not cross on its own
[73]. In the tumor microenvironment, the escape rate over an energy barrier is

governed by the Kramers rate:

AEiEnT(t)J 1)

7, oc exp| —
K p[ kT

where T here represents the stochastic noise (thermal fluctuations or biological
noise) and E,; (¢) is the weak, periodic nonthermal therapeutic signal acting as
a bias. When the noise level T is optimally tuned, it provides just enough ran-
dom kinetic “jiggling” to push the system near the top of the barrier AE . At
that exact moment, the weak, periodic signal E,, () provides a directed bias.
The tumor’s state is “kicked” over the barrier, synchronized with the frequency
o =2nf of the intervention.

Recall that in a spin-glass, linear susceptibility does not diverge, but non-
linear susceptibility ( y,, ) diverges massively near 7, , (with an exponent
y = 6.0). Stochastic resonance is the physical engine that exploits this diver-
gence. The noise allows the system to continuously sample the edges of its local
potential well. When it does, it enters the highly non-linear regime of the free-
energy landscape. By coupling the weak, specific frequency E,; (t) to the sys-
tem’s own biological noise, SR exponentially amplifies the non-linear response,
forcing the rigid network to shatter and transition out of its trapped state.

This biophysical translation mathematically explains the dual-action mecha-
nism of why modulated electro-hyperthermia (mEHT) works. The high-
frequency carrier (13.56 MHz) wave slightly elevates the local temperature (7).

This is not meant to burn the tissue; it acts as the stochastic noise source, raising
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the Kramers rate and jiggling the spin-glass. The low-frequency amplitude mod-
ulation (1/ffor E,, (¢)) is the weak periodic signal. It holds specific biological
information (targeting altered dielectric properties).

Through SR, the localized noise allows the malignant cells to reach the thresh-
old of their rigid homeostatic valleys, and the weak modulation (signal) pushes
them over the edge into apoptosis. The cancerous energy landscape is modeled
by spin-glass, diverges by the amplitude of the electromagnetic field signal
(Figure 5). The 1/fnoise sends extreme stochastic pushes. Without the stochas-
tic 1/f signal, the noise just causes random, undirected thermal agitation. To-

gether, they break the spin-glass.
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Figure 5. The linearly responding Ising energy minimum is overtaken by the pathology of the nonlinear responder. This larger
electromagnetic sensitivity of malignant tissue is one of the selective factors of mEHT, when the stochastic and intensive 1/f
pushed by extreme amplitudes of the modulation when f =0.

5.3. Immunogenic Processes

Beyond membrane effects, the thermal component of mEHT (microscopic local
temperature elevation to 40°C - 43°C in tumor cells) activates heat shock protein
(HSP) expression, HSP70, HSP90, and HSP27, which function as molecular
chaperones [74]. Interestingly, the dynamics of protein folding and aggregation
under thermal stress can themselves be modeled as Ising-like systems, with the
folded/unfolded state of a protein corresponding to spin configurations in a het-
eropolymer model. Near the folding transition temperature, protein conforma-
tional fluctuations are maximal, and the system is most sensitive to external per-
turbations (such as elevated temperature). mEHT-induced thermal stress thus
drives the protein conformational ensemble of tumor cells toward a critical re-
gime of maximal sensitivity, thereby facilitating HSP-dependent immune recog-

nition and activation of the apoptotic pathway [74].
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Recent experimental evidence indicates that mEHT induces immunogenic cell
death (ICD) in tumor cells [75] [76], characterized by calreticulin surface expo-
sure, HMGBI release, and ATP secretion, danger signals that activate dendritic
cells and prime anti-tumor T-cell responses [77]. The abscopal effect, regression
of non-irradiated distant metastases following local mEHT treatment, has been
reviewed preclinically [78], and clinically [79] [80] and attributed to this system-
ic immune activation [81]. From an Ising perspective, ICD can be understood as
a coordinated, collective phase transition of the tumor cell population triggered
by the disruption of its spin-glass-like phenotypic metastability: the mEHT per-
turbation drives the tumor from its metastable spin-glass states toward a globally

stable apoptotic phase.

5.4. Effect on the Cell Membrane

The cell membrane has special arrangements, including transmembrane pro-
teins, channels, junctions, and adherent connections. In healthy cells, these
structures are connected to the well-organized, polymerized cytoskeleton, form-
ing an organic, integrated connection between the cellular machinery and the
environment. The membrane is a two-dimensional layer that allows easy lateral
movement and has high potential. The structures embedded in the lipid matrix
are cytoskeletal-restricted linear corrals, with specific roles in sensing, transport,
and defense mechanisms. In cellular division and cancer, the cytoskeletal struc-
ture collapses and is rearranged by polymerization to produce the daughter cells.
This transition is framed as the shift from cytoskeleton-restricted linear corrals
(the “one-dimensional”, 1D state) to macro-clustered lipid rafts (the 2D state).
In a healthy process, the newly polymerized cytoskeleton re-forms the linear
corals, reducing the number of rafts, whereas in cancer, the large number of rafts
remains on the surface [82]. This structural shift was observed using super-
resolution microscopy (such as STORM and PALM) and Single-Particle Track-
ing (SPT).

Ion channel mechanisms play a critical role in the cell’s fate. Ion channel gat-
ing is not an isolated stochastic event but a cooperative phenomenon that can be
modeled by an Ising system, explaining how the 1D cytoskeleton-restricted line-
ar corrals collapse on the membrane and the transmembrane proteins form rafts,
2D lipid-rich clusters instead [83]. The model provides a framework in which
how a weak, targeted intervention explain could induce cooperative gating, of-
fering a candidate explanation for the observed efficacy and selectivity of mEHT

at the membrane level.

5.4.1. The Core Mapping: Gating as a Cooperative Channel State

The state of an ion channel (e.g., a Ca** channel or TRPV1 receptor) is assigned
a spin variable o, =+1 (closed/open). The external field of mEHT (E, ;) is
explicitly the amplitude-modulated radiofrequency field of mEHT. The coupling
constant (J ) represents the mechanical or electrostatic interaction between ad-

jacent channels in the lipid bilayer.
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mEHT does not need to have sufficient energy to independently open every
ion channel on the membrane. If the channels are cooperatively linked (J >0),
mEHT only needs to provide enough targeted energy to flip a critical nucleus of
highly susceptible channels. The positive coupling J will then drive an ava-
lanche effect, causing a massive, synchronized gating event (like a catastrophic
Ca*" influx) that triggers apoptosis.

Healthy cells and malignant cells possess fundamentally different plasma
membrane architectures. Malignant membranes have altered lipid raft densities,
higher cholesterol content, distinct receptor clustering, and are mechanically
more rigid [84]. Consequently, the coupling constant in healthy tissue (.J,, ) is
entirely different from the coupling constant in tumor tissue (J, ). The malig-
nant receptor clustering artificially inflates .J, within localized 2D patches (li-
pid rafts). By inserting a larger J, the malignant channel clusters sit much clos-
er to a critical phase transition than healthy membranes [83]. Therefore, the ex-

act same external mEHT field E will trigger a cooperative avalanche in the

mEHT
malignant cell, while acting as harmless, sub-threshold noise in the healthy cell.
The dimensionality is crucial for the phase transition. The 1D Ising model do
not have a finite-temperature phase transition, while the 2D model exhibits true
phase transitions at a finite critical temperature (7, ). If healthy ion channels are
distributed sparsely or linearly along cytoskeletal tethers (acting like a 1D sys-
tem), they resist sudden macroscopic state changes.

Despite the low mechanical shear and liquid-like horizontal mobility, a healthy
plasma membrane is not a free-flowing 2D liquid-state. It is tightly regulated by
an underlying structural meshwork of the cortical actin cytoskeleton. Using
high-speed SPT technology, it was observed that ion channels and receptors do
not diffuse randomly in two dimensions; instead, they exhibit compartmental-
ized diffusion (“hop diffusion”) [85]. While the fluid-mosaic model [86] sug-
gested a homogeneous 2D liquid where molecules move via simple Brownian
motion, it has been proven that the membrane is highly structured [85]. The
channels are physically tethered to or trapped within linear barriers created by
actin filaments [87]. They can only slide back and forth along these 1D cytoskel-
etal tracks, occasionally hopping to an adjacent track. Because they are strung
out linearly, their coupling constant (J) with one another is extremely low.
They operate largely independently, preventing accidental, massive cooperative
gating (which would trigger unwanted apoptosis or depolarization) [87].

When a cell undergoes malignant transformation (such as the Epithelial-
Mesenchymal Transition, EMT), it must dismantle its rigid actin cytoskeleton to
become motile and invasive [88]. Simultaneously, cancer cells drastically up-
regulate cholesterol and sphingolipid synthesis. The linear actin steric barrier
breaks down, and the membrane channels are suddenly free to diffuse in two
dimensions, as was observed with super-resolution microscopy (STORM/STED)
[89]. Driven by the high cholesterol content, these channels undergo spontane-

ous phase separation, aggregating into dense, 2D micro-domains, lipid rafts. So
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the consequence of cytoskeletal collapse is lipid raft aggregation, forming new
2D structures on the membrane. The channels are no longer isolated on 1D
tracks. They are packed side-by-side in a 2D lattice. This massive spatial proxim-
ity radically increases their coupling constant (J ). The channels now function
as a single, cooperative thermodynamic unit [83].

The 1D->2D transition has been specifically observed in several key ion chan-
nels implicated in cancer progression. In healthy adult tissue, the voltage-gated
sodium channel 1.5 (Navl.5) is primarily restricted to highly organized, linear
striated domains (like the T-tubules of cardiac muscle). However, in highly met-
astatic breast cancer (such as MDA-MB-231 cells), Navl.5 is highly overex-
pressed and completely alters its spatial distribution [90] [91]. Confocal and su-
per-resolution imaging reveal that these channels cluster densely into 2D lipid
rafts. Transient Receptor Potential (TRP) channels, which regulate calcium
(Ca?") influx, are deeply tied to apoptosis. In healthy cells, they are distributed
sparsely [92]. In prostate and breast cancers, lipidomics and fluorescence mi-
croscopy confirm that TRP channels aggregate into massive, dense 2D raft clus-
ters to amplify pro-survival signaling [93].

The direct observation of this cytoskeletal-to-raft transition selectively offers a
candidate mechanistic account of the observed selectivity of mEHT, involving
the voltage-sensitive [94] and TRP [95] channels. By forcing the tumor’s ion
channels into dense 2D clusters to aid in its own invasive signaling, the cancer
cell inadvertently builds a macroscopic, highly cooperative sensing system. The
disruption of the lipid raft matrix, as the mEHT nonthermal effect does with
resonances, ceases the cooperative gating of the TRPV1 channels [96].

The healthy channels (still isolated on their 1D actin tracks) cannot cooperate
sufficiently to cross the gating threshold, under the nonthermal force of the
mEHT field ( E
coupling (J ), absorb the amplitude-modulated frequency cooperatively. They

Lenr )- But the tumor’s clustered channels, bound by high 2D
experience a massive, synchronized gating avalanche that floods the malignant
cell with lethal levels of Ca** and together with numerous other factors, triggers
apoptosis [97].

When malignant transformation causes transmembrane proteins and chan-
nels to aggregate into dense 2D lipid rafts, the system shifts mathematically into
the 2D Ising universality class. This shift gives the tumor an ordered, rigid mem-
brane microdomain, but paradoxically introduces a 7.. mEHT specifically ex-
ploits this newly acquired 2D criticality, thereby forcing the rafts to absorb ener-

gy through targeted resonance.

5.4.2. Dynamic Equilibrium with 1/f Noise

The dynamic equilibrium forced by the 1/fnoise allows to extend the static Ising
model into a dynamic Ising arrangement [98] [99]. The cooperative gating of ion
channels under healthy biological conditions produces 1/f noise. A dynamic
framework has to be studied with a stochastic kinetic model to explain the dy-

namic equilibrium of 1/fnoise with mEHT application.
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Two distinct types of movement occur in biological membranes, which could
be modeled by dynamical Ising models: channel gating (opening/closing) [98],
and physical diffusion of channels across the lipid bilayer (clustering into rafts)
[99].

The gating dynamics simulate systems where the order parameter (the total
number of open channels) is not conserved [98]. A channel can spontaneously
flip its state o, > -0, 0, € {—1,1} (closed < open) based on interactions
with its neighbors and the external environment. To model the mEHT interven-
tion, we introduce a time-varying external electric field E,,, = E,cos(wt) in-
to the local Hamiltonian.

The probability P(o-1 I o-N,t) of finding the membrane in a specific config-
uration evolves according to the Master Equation. The transition rate
W(Gi - —Gi) for a single channel to flip is governed by the energy change AE,:

AE, :20',[J%0'j +uE, cos(wt)} (18)
J
and the transition probability:
W (o, a—a,):i{l—o; tanh[@ﬂ (19)
where 7, is the intrinsic gating time of an isolated channel, and S = k:T .

This formulation is critical for defining the dynamic susceptibility ;((a)) of
the membrane. Because malignant cells feature clustered, highly cooperative
channels (large J), their effective relaxation time ( 7 ) slows down dramatically

compared to healthy cells, leading to a critical slowing phenomenon.

T

malignant

> Theulthy (20)

When the mEHT frequency  is tuned to match the inverse of this sluggish

malignant relaxation time (@ ~1/7 ), the oscillating field locks onto the

malignant
gating mechanism. The malignant chinnels undergo massive, resonant power
absorption, forcing them into a synchronized, continuous open state. The
healthy channels, possessing a much faster z,,,,, , merely experience the mEHT
field as a negligible, sub-threshold high-frequency blur.

The spatial arrangement is also described by the dynamic Ising model [99]. In
this model the order parameter (the total number of channels) is conserved, but
adjacent o, positions (representing a channel and an empty lipid space) can
exchange locations. This is the physics of lateral membrane diffusion and the
formation of the 2D lipid rafts.

A channel at position i swaps with a lipid molecule at position % . The tran-
sition rate depends on the energy difference of the entire macroscopic state be-
fore and after the swap:

1 exp(—-BAE,)

W(Gi—)—O'[)=ZW (21)
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where 7, isthe characteristic lateral diffusion time.

Healthy homeostatic regulation requires fluidity; channels must be able to dif-
fuse, aggregate transiently, and disperse. This produces the characteristic healthy
1/f noise spectrum in membrane capacitance and signaling. In the malignant
state, altered cholesterol levels push the local interaction J so high that the ex-
change rate plummets. The channels become spatially locked into rigid, semi-
permanent rafts.

By applying an external oscillating field E,,, (¢) at the exact frequency of
the modulation in audio (a-dispersion) range (100 Hz - 5 kHz), the phase lag of
the channel gating can be calculated. In these conditions, mEHT drives the sto-
chastic process. The mEHT field E,, (¢), results in resonant energy absorp-
tion that locally raises the effective thermal noise (I') within the raft domain.
This localized heating lowers the [ parameter precisely at the raft boundary,
suddenly accelerating the exchange rate and literally “melting” the clustered re-
ceptors back into the fluid lipid phase, severing the tumor’s dysregulated signal-
ing cascade.

A complete framework is established for how healthy 1/f noise is generated
and subsequently destroyed in pathology by combining the two dynamics, the
channel gating (opening/closing) [98], and physical diffusion of channels across
the lipid bilayer (clustering into rafts) [99]. In a healthy state (low J ), the gat-
ing and diffusion are balanced. The system fluctuates continuously across multi-
ple scales of time and space, generating a scale-free 1/fpower spectrum. Howev-
er, in a malignant state (high J ) the strong coupling suppresses diffusion (trap-
ping channels in rafts) and slows gating. The noise spectrum shifts away from 1/£
toward restricted, low-frequency oscillations (glassy dynamics).

The mEHT Intervention with the targeted time-varying field E, ., (¢) forc-
es the gating in the malignant, high-J regions to rapidly flip at the frequency
@ . This forced oscillation shatters the spatial domains, dissolving the malignant

correlation.

5.5. Therapeutic Implications of 1/f Noise—mEHT Interventions
in the Ising Frame

If 1/fnoise is a signature of criticality, and if criticality is the healthy operating
point, then therapeutic strategies that restore 1/fnoise structure may be intrinsi-
cally health-promoting. This principle has been explored in several contexts
[100]. Stochastic resonance-based therapies, in which sub-threshold noise is
added to sensory or motor pathways to improve signal detection and motor con-
trol, have shown efficacy in Parkinson’s disease, diabetic neuropathy, and bal-
ance disorders in the elderly. The application of 1/£distributed mechanical vi-
bration to bone and muscle has been proposed as a countermeasure against the
loss of musculoskeletal complexity with aging.

1) The therapeutic implications of the power of 1/fin mEHT is the modula-

tion. Properly chosen noise can transfer free energy to support cellular reactions
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[101]. The dynamic relations produce a noise of homeostatic equilibrium, which
is measured as a peculiar signal [4] [45]. This noise differs between malignant
and healthy tissue and is measurable as the RF current [102]. At the critical point
(T.) of an Ising system, the power spectral density of fluctuations naturally fol-
lows a 1/f (pink noise) pattern. This suggests that the bioelectromagnetic 1/f
noise is the natural communication language of a system [103], and the Ising
model is a proxy for multicellularity.

2) Malignant cells are often stuck in a disordered, non-critical regime. By ap-
plying external 1/f fluctuations, mEHT acts as a catalyst, pushing the cellular
network back toward its critical point. It lowers the energy barrier required for
the system to undergo a phase transition, in this case, transitioning from a state
of uncontrolled growth to programmed death.

3) In the Ising frame, the interacting particles (Ising spins) can be represented
by signaling proteins in membrane rafts. The 1/fspectrum matches the natural
dwell times of these protein aggregates, selectively excites the membrane rafts of
malignant cells. This enables stochastic resonance, in which noise energy selec-
tively amplifies the signaling of apoptotic pathways (such as FAS/TRAIL) with-
out requiring excessive heat, thus preserving healthy tissue.

4) Because the Ising frame emphasizes neighbor-to-neighbor interactions, the
therapy does not just kill individual cells; it triggers a phase transition in the mi-
croenvironment. This promotes induction of collective apoptosis, immunogenic
cell death (ICD). The 1/f signal helps synchronize the release of damage-
associated molecular patterns (DAMPs), effectively “re-coupling” the tumor cells
to the body’s immune system, turning a local treatment into a systemic (absco-
pal) response.

Based on the current trajectory of biophysics and mEHT research, the future

lies in “Informational Oncology” (Table 3).

Table 3. The innovation area of “informational oncology”.

Innovation Area

Description

Adaptive a Modulation

Phase-Transition Mapping

Synthetic Homeostasis

Real-time tuning of the modulation exponent (a) based on the patient’s individual homeostatic

signature to maximize resonance.

Using the Ising frame to predict which tumors are most “brittle” (not in but close to criticality)

and therefore most susceptible to low-energy 1/finterventions, which re-establishes the
criticality, the normal living at the edge of chaos.

Combining 1/fmEHT with immunotherapy to force malignant clusters to adopt a multicellular

“social” behavior before inducing targeted apoptosis.

6. Synthesis: A Unified Biophysical Framework

The threads converge on a coherent, testable biophysical framework. Healthy
multicellular organisms maintain their component subsystems, from individual
cell membranes to organ-level physiological networks, near the critical point of

effective Ising-like phase transitions. This criticality is not a coincidence but an
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evolved property, maintained by homeostatic feedback loops, that enables max-
imal adaptive capacity. Disease, and cancer in particular, represents a departure
from criticality. The specific direction of departure, toward excess order or ex-
cess disorder, varies by disease type and stage, but the unifying feature is the loss
of scale-free, 1/fdynamics and the reduction of functional complexity.

The 1/fnoise is the signature of criticality in living systems. Its measurement
provides a non-invasive, quantitative index of physiological health status, a com-
plex biomarker that integrates the collective behavior of thousands of coupled el-
ements into a single, interpretable number. mEHT exerts its anti-tumor effects
through multiple, mechanistically interconnected pathways, membrane domain
interactions, proteotoxic stress, and immunogenic cell death, all of which can be
understood as perturbations of a spin-glass-like tumor system away from its met-
astable states. The 1/fmodulation of mEHT is designed to resonate with the natu-
ral dynamics of critical biological systems, providing selectivity between healthy
(critical) and tumor (off-critical) tissue.

The Ising model and its generalizations (spin glasses, random-field Ising
models, quantum Ising models) provide the mathematical language to formalize
these ideas, generate testable quantitative predictions, and guide the rational de-
sign of therapeutic interventions targeting the critical properties of biological

matter.

7. Outstanding Challenges and Future Directions

Despite the conceptual elegance and growing empirical support for the criticality
hypothesis, several important challenges remain. The Ising model description
has different drawbacks in describing the living cellular interactions:

e Healthy tissue thrives on functional differentiation. A healthy lattice is not a
collection of identical “up” states; it is a highly choreographed arrangement
of diverse cell types (parenchymal, stromal, immune) with varying coupling
constants J, . Treating healthy tissue as a uniform Ising lattice ignores the
spatial non-uniformity that is actually a hallmark of health and resilience.

e Healthy biological states are rarely binary. Cells exist in a continuum of met-
abolic activities, differentiation stages, and signaling states. Health is charac-
terized by multistability, the ability to switch between many functional
modes. Reducing this to “Alive/Dead” or “Cooperative/ Autonomous” misses
the nuanced regulatory “gray zones” that allow for homeostatic adjustment.

e The interactions between the cells are not constant in the healthy interac-
tions, as the Ising model uses, and not distributed by a Gaussian, as the spin-
glass model predicts. These approximations are valid on average.

¢ Bioelectrodynamics and endocrine signaling are long-range. A cell in one
part of an organ can influence another far away via bioelectric fields or sys-
temic signals. The living tissue has longer interactions with the nearest neigh-
bors (e.g., messenger molecules, electrodiffusion, etc.), but the neighbors still

have the largest.
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Healthy life is a dissipative structure operating far from equilibrium. It
doesn’t want to “settle” into a ground state; it wants to maintain a flow of en-
ergy and matter. The temporal dynamics of energy flux are absent.

Living tissue is dynamic. Cells migrate, the extracellular matrix remodels, and
the “topology” of the interaction changes in real-time. In a healthy object, the
“spins” move. A model with fixed coordinates cannot easily account for the
structural plasticity of healthy development and wound healing.

The strong coupling constant in the Ising model makes the system “brittle,”
increasing the 7, and shifting the system away from the “edge of chaos” liv-
ing fluctuations. However, the strong junctions and adherent connections do
not weaken; on the contrary, they improve healthy homeostatic control.
These interactions are neglected in the Ising model, which focuses only on
field interactions. This drawback is not critical for the mEHT application,

which operates only in fields.

Despite these drawbacks, the Ising model well describes the main dynamic

changes in the “edge of chaos” homeostasis, and the spin-glass model well corre-

sponds to the main features of malignancy that deviate from the critical “edge”

dynamic status.

Distinguishing criticality from near-criticality. Power-law statistics consistent
with criticality can arise from non-critical systems through superposition of
log-normally distributed relaxation times (the Lorentzian superposition
model), making rigorous discrimination between true SOC and mere scale-
free statistics non-trivial. Finite-size scaling analyses, higher-order statistics,
and the collapse of data from systems of different sizes onto universal scaling
functions are necessary to establish genuine criticality.

The role of quantum effects. Biological systems are warm, wet, and noisy,
conditions historically considered hostile to quantum coherence. Neverthe-
less, evidence for quantum effects in photosynthetic energy transfer, avian
magnetoreception, and olfaction has challenged this assumption. At the
membrane level, the question of whether quantum fluctuations play a role in
proximity to the lipid miscibility critical point, and whether quantum Ising
dynamics are relevant to biological criticality, remains open and theoretically
rich.

From correlation to causation in disease. The observation that cancer cells
and diseased tissues show altered 1/fdynamics is established, but the causal
direction requires clarification: does loss of criticality cause pathology, or
does pathology cause loss of criticality? Longitudinal studies tracking com-
plexity biomarkers before and during disease onset, combined with experi-
mental models in which criticality is artificially tuned, are needed to resolve
this question.

Further clinical translation of mEHT biophysics and technique. Research on
mechanistic biomarkers, including HRV-derived complexity indices [41],

membrane lipid raft biomarkers, and tumor microenvironment imaging, is
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needed to further improve the technique and optimize treatment parameters.
In addition to the compelling biophysical rationale for mEHT and the wide
range of preclinical studies [78], and numerous real-world ITT clinical stud-
ies [79] [104] [105], as well as some rigorous Phase II. studies [106], and one
Phase III randomized controlled trial with biomarker-stratified patient popu-
lations [107], further clinical studies are necessary for wider acceptance of

mEHT in oncology.

8. Conclusions

The Ising model holds an extraordinary position in the intellectual landscape of
modern biophysics: it is simultaneously a simple mathematical abstraction, a
rigorous statistical-mechanical theory, and a flexible metaphorical framework
that illuminates deep connections among phase transitions, criticality, and the
organization of living matter. Nevertheless, do not forget that it is a model, not
the complex reality; however, it can describe a part of the living characteristics:
the edge of chaos, as the intrinsic behavior of living systems. From the scale-free
fluctuations of neural networks to the lipid raft dynamics of the cancer cell
membrane, from the 1/fnoise of the healthy heartbeat to the spin-glass metasta-
bility of the tumor microenvironment, Ising physics provides a unifying thread.

We have argued that life, at multiple scales, operates at the edge of a phase
transition, and that this positioning is not accidental but functional: criticality
confers maximal sensitivity, adaptability, and information processing capacity.
Health is the maintenance of this critical edge; disease is its disruption. The 1/
power spectrum is the observable signature of criticality, providing both a diag-
nostic window into the state of a biological system and a therapeutic target for
interventions designed to restore critical dynamics.

Modulated electro-hyperthermia represents one of the most sophisticated cur-
rent attempts to exploit this biophysical understanding therapeutically, deliver-
ing electromagnetic energy with a spectral structure matched to the natural dy-
namics of critical biological systems, selectively targeting the off-critical, spin-
glass-like tumor tissue while sparing the healthy, critical-regime normal tissue.
As the biophysical foundations of mEHT are further elucidated, and as the con-
nections between criticality and cancer biology deepen, we anticipate that the
Ising model will continue to serve as an indispensable conceptual tool for the

translation of fundamental physics into clinical benefit.
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