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m minimal loss (minimalization of the entropy production). The organism is

built up by morphogenetic rules and develops various networks from the ge-

netic level to the organism. The networks have intensive crosstalk and form a
balance in the Nash equilibrium, which is the homeostatic state in healthy
conditions. Homeostasis may be described as a Nash equilibrium, which en-
sures energy distribution in a “democratic” way regarding the functions of
the parts in the complete system. Cancer radically changes the network sys-
tem in the organism. Cancer is a network disease. Deviation from healthy
networking appears at every level, from genetic (molecular) to cells, tissues,
organs, and organisms. The strong proliferation of malignant tissue is the
origin of most of the life-threatening processes. The weak side of cancer de-
velopment is the change of complex information networking in the system,
being vulnerable to immune attacks. Cancer cells are masters of adaptation
and evade immune surveillance. This hiding process can be broken by elec-
tromagnetic nonionizing radiation, for which the malignant structure has no
adaptation strategy. Our objective is to review the different sides of living
complexity and use the knowledge to fight against cancer.
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1. The Biological Regulation—Homeostasis

Living systems are open, dynamic structures performing random, stochastic,
self-organizing processes. Together with the space arrangement, they create a
temporal self-similarity [1] and follow the dynamic equilibrium in homeostasis
[2]. The temporal self-similarity forms an intrinsic self-time of the living objects
[3].

The openness of the biosystems is sensitive to environmental influences,
which trigger some internal processes keeping homeostasis in the human body
Figure 1. Adynamic hierarchical structure characterizes the biosystems.

The hierarchy is not one-directional. Every level interacts with all others, al-
lowing the physiological control to react to all the environmental challenges,
keeping homeostasis stable. The living system forms dynamic interactions be-
tween the various parts (like molecules, cellular compartments, cells, tissues, and
organs), ensuring the spatiotemporal control of homeostasis and balancing mul-
tiple opposite regulatory feedback. The promotion and inhibition are activated in
parallel “like twins” in the homeostatic balance [4]. The vibrant “competition” of
suppressor-promoter pairs have an essential role in the homeostatic balance dy-
namic regulation Figure 2. The chemical principle governs the balance of the
promoter-suppressor pair in the complex equilibrium of homeostasis like the Le
Chatelier-Braun principle: a perturbation in the system in equilibrium has an
opposite effect of the perturbation, balancing the equilibrium.

Promoter suppressor balance forms a transition probability instead of strict
determinism. The transition depends on the overall conditions and their fluctua-
tions.

While these pairs may not have the same “promoter-suppressor” terminology
used in genetics, they serve similar balancing functions. Here are some examples:

1) Agonist <> Antagonist. In physiology, agonists are molecules that activate a
receptor or cellular response, while antagonists are molecules that inhibit or
block the receptor or response. For example, neurotransmitters and their recep-
tors often have agonists and antagonists that help regulate neural signaling.

2) Activator < inhibitor: This pair is similar to the genetic promoter-sup-
pressor concept. Activators enhance a specific process, while inhibitors hinder or
slow it down. For instance, enzymes can have activators and inhibitors to control
their activity.

3) Stimulator <> Repressor: In various biological contexts, stimulators pro-
mote a particular response, while repressors dampen or reduce that response.

Hormonal regulation often involves stimulators and repressors.
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Figure 1. Physiologic networks in human living complexity. (a) The external and internal impacts induce processes to keep equi-
librium in the human body. (b) The organism network has various interdependent complex subsystems, which could have differ-
ent evolutional principles (random, scale-free, copying, fitness) and produce hierarchical networking. (c) The homeostatic balance
controls physiological regulatory systems, which are also interconnected and deeply connected to the subnetworks in (a). The four
physiological feedback loops shown regulate the most important feedback loops, but these are not alone; six more have multipur-

pose systematic effects, and further regulatory loops exist with less complexity.

4) Pro-inflammatory-Anti-inflammatory: In the immune system, pro-inflam-

matory molecules (e.g., cytokines) promote inflammation as part of the immune

response, while anti-inflammatory molecules (e.g., cytokines and prostaglan-

dins) help resolve inflammation and maintain tissue homeostasis.

5) Excitatory-Inhibitory: In neuroscience, excitatory neurotransmitters and

receptors promote neuronal firing and signal transmission, while inhibitory

neurotransmitters and receptors suppress neuronal activity.

DOI: 10.4236/0jbiphy.2024.142009

156

Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009

A. Szasz, G. P. Szigeti

Je feedba
2 WA

4

Stimulus
(imbalance)

dynamic
balance

e feedback Uy
pX
O

&

Initial productsC ——>

P
omplex reactions
transition states

—_—

::> Final products

X
(2
o*

8
Oay; o
tive feedback P*°

(a) (b)

Figure 2. The feedback mechanisms (a) the negative feedback loop controls the dynamic balance. (b) The dynamic balance of the
suppresser and promoter effects defines the equilibrium through transition states.

We use the promoter-suppression effector-pair in general meaning. The pro-
moter-suppressor negative feedback balance typically refers to a regulatory me-
chanism within biological systems where specific molecules or genes act as pro-
moters to increase the expression of a particular gene. In contrast, others act as
suppressors to inhibit that expression. The goal is maintaining a dynamic equi-
librium or balance between these opposing forces. Both effectors in dynamical
equilibrium (promoter and suppressor) evaluate the cost/benefit ratio and fluc-
tuate around the optimum for both when the cost of further steps is higher than
the benefit of the result. The negative feedback process regulates the cost/benefit
ratio.

The negative feedback in every promoter-suppressor balance makes fluctua-
tions Figure 3. The fluctuations appear even in the simplest molecular bonds,
where the temperature and the bond strength oppose and balance. In chemical
reactions, the two-way reaction direction represents the opposing driving forces.
The biological processes are more complex, and the overall negative feedback
processes tune the equilibrium. The fluctuations are “chaotic” [5], [6] which
means that no deterministic temporal prediction of the subsequent opposing
steps exists. The chaos in physiology has a special meaning [7]. The “constrained
randomness” [8] is usual in physiology, and its study is a valuable tool to under-
stand its mechanisms as well as recognize the deviation from “normal”.

By the essential fluctuations around the equilibrium, the life is on the “edge of
chaos” [9] [10]. It has a self-organized criticality [11], which is widely used in bi-
ological perspectives [12] [13]. The control of the regulation compared to the
reference value is ensured by the feedback mechanism within a predetermined
range. The system does not require precise adjustment. The proportional feed-
back mechanism driving forces on the opposing actors realize an automatism,
keeping the system in equilibrium. Fuzzy logic may model it. It evaluates the
“degrees of truth” instead of the “true or false” choices [14]. The fuzzy logic di-

rects the homeostatic control of the entire spatiotemporal arrangement of the
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Figure 3. The permanent dynamic changes cause a never-rest situation. (a) The dissipation consumes the energy, while the ener-
getically open conditions drive the process. When a promoter increases the growth of the signal (energy, info, etc.), the opposing
suppressor becomes active to avoid the overshot of the change. The same happens with the suppressor, which is limited by the
promoter in the opposite direction. The opposing activity of the promoter-suppressor pair creates fluctuation around the equili-
brium level. (b) The connections between the various parts dynamically fluctuate at all levels of the organizational structure (A

hypothetical part of the network connection is shown for clarity).

living systems. This distribution results from the strongly interconnected nega-
tive feedback loops, which regulate the balances in all ranges, stabilizing the dy-
namic system. Each step of dynamic equilibrium is based on the interconnected
balance of suppressor-promoter pairs of the regulatory homeostatic process [15].
The complex dynamic equilibrium drives the living regulative activities from
genomic to global adaptation to environmental challenges [16]. The time-de-
pendent processes realize the observed signal with a probability as the actual ex-
position from the possibilities of the fluctuations of the measured signal. These
phenomena request a stochastic approach instead of deterministic descriptions
[17]. The deterministic reductionism can mislead the research. The stochastic
approach is fundamental in biological dynamism [18] [19]. The vivid dynamic
equilibrium forms a stable system with active fluctuations in the predetermined
range. This self-regulatory system is complex; every process in the system is in-
volved in multiple interactions and embedded in the network of numerous other
functions. The homeostatic equilibrium induces compensatory strategies against
every external influence and activates backlash mechanisms. In this way, any
drug therapies, together with their targeted effect, cause an opposite compensa-
tory process, developing resistance against the impact of the drug. This simple
rule appears in chemistry (Le Chatelier-Braun principle) and fits the Darwinian
selection rules. Reacting to the environmental challenges, the regulative activities
are tuned by the complex dynamic balance of the living systems from genomic
to global adaptation [16]. Instead of conventional deterministic changes, the dy-
namic events request a stochastic approach, introducing a time-dependent
probability of the processes [17].

Biological complexity is a well-proven fact based on physical and physiologi-
cal principles [20] [21]. Darwin developed a non-deterministic idea through the
theory of evolution that introduces probability in biological species develop-
ment, having uncertainties as consequences. This idea drives biological devel-

opment everywhere. The environment drives the Darwinian selection and whose
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the easiest adaptability to the changed conditions. This is a complex mechanism.
Contrary to the complexity of human organisms, the paradigm of modern med-
ical research does not deal with the consequences of complexity [22]. Misinter-
preting the complexity, some research uses homeostasis as a static framework for
effects [23]. The biological dynamism is fundamentally stochastic [18]. The ob-
served complex phenomena cannot be studied in isolated parts [24]. “A living
thing cannot be explained in terms of its parts but only in terms of the organiza-
tion of these parts” [25]. Living complexity has a logical incompleteness [26],
discovered in the mathematical application a century ago [27]. Incompleteness
in biology means there are no answers to valid questions, which have complex
feedback with self-reference, like the “classical” question: what was the first, the
hen or the egg? The answer needs evolutionary thinking, and determinism is not
applicable. A similar question in the complex homeostatic stability has no direct
answer: what existed first: the promoter or the suppressor? The feedback needs
developmental, non-deterministic, and non-linear consideration. The complex
system is regulated and controlled primarily by negative feedback loops with
Darwinian law, having incompleteness, which is a challenge in theoretical biol-

ogy [28].

2. Self-Organization

Self-organization characterizes the living organism in its spatiotemporal ar-
rangement at every level of the structure [29] [30]. The self-organized complex
feedback processes compensate for the extended number of perturbations and
secure the system’s stability. The self-organizing procedure is defined by the spa-
tial-temporal-fractal structure, which is self-similar in space and time [31]. The
self-similar construction of the living objects statistically repeats the same build-
ing block (template), connects them with forming a network [16], and creates a
self-similar harmony. Self-similar harmony is dominant in life. The self-organized
hierarchical clustering has robust stability against internal and external noise.
The constructional template repetition makes a similar structure by some orders
of magnitude magnification. Self-similarity characterizes the time set of different
interactions and energy exchanges.

The random unicellular life structure vividly functions when the cells have
plenty of energy for their life, so their environmental dependence is marginal.
However, when the living mass grows, the resources become limited, and the
cells must organize themselves to survive. The organization needs to “sacrifice” a
part of the individual energy budget in exchange for the possibility of joint sur-
vival. The driving force of the limited resources to the direction of collectivity is
observed in starving slime molds [32] [33]. The collective actions help distribute
the available, limited energy intake to share between the parties on their needs
and, in this way, satisfy the group’s survival. Those cells that give up their inde-
pendence and are connected to other cells by work division share the available

resources and thus ensure their survival. Collectivity balance appeared in evolu-
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tion [34]. The size of the colonies of cooperative cells is matter [35]. The acci-
dentally created more adaptive subjects have evolutional advantages and start
the complexly self-organized building of the living structure. The goal of group
formation is cooperation, which optimizes energy input. The driving force of the
limited resources to the direction of collectivity is observed in starving slime
molds [32]. Such collective strategy appears not only in the case of living subjects
but also in animal or human societies, where self-organized connections help in-
dividuals survive environmental fluctuations. Interestingly, the grouping protec-
tive survival strategy is more general than the energy-sharing triggers, which is a
driving force for the collective actions of some prey animals against the preda-
tors. Artificial intelligence models show the advantage of collectivity [36] and

among many others in ant colonies [37] [38].

2.1. Energetics

The transition state at the biological reactions creates significant fluctuations in
the transition energy. The system tries to keep the utilized energy as low as
possible, but the independent “environmental” energy quanta nondeterministi-
cally interact and make the regulation process noisy. Homeostasis guarantees the
local stability of living objects and compensation for the effects of internal and
external noises. The homeostasis is a dynamic process adjusted to the energeti-
cally open system. The dynamic processes are self-organized [30], driving the
system’s evolution [39] in a non-linear way [29]. The dynamic complexity ensures
the robust stability of living objects following homeodynamic processes rather
than a homeostatic one. It continuously interacts with its environment,
cross-transporting energy, materials, and information, and during these processes,
both parties have dynamic modifications.

The environment and the entire organism with its subunits (like cells, tissues,
and organs) have open energy trade with each other in the living system. The
self-organized process with self-similar rules develops fractal structures [40],
which characterize the clustering of the cells well distinguished from the patho-
logical forms [41]. Homeostasis optimizes the energy expenditure of the system,
maximizing its efficacy. The efficacy maximum means a minimal dissipation loss
of working energy. Entropy production increases energy dissipation loss, mean-
ing the energy is manifested in heat instead of creative structural utilization. En-
tropy characterizes the system’s disorder, referring to the lost energy already be-
ing used for disordering the structure. The activation energy (molar enthalpy) of
a process linearly depends on the molar entropy [42] [43], connecting the in-
vested energy and limiting its efficacy by the non-active energy part.

Healthy homeostasis maintains a stable internal environment and minimizes
entropy production, trying to limit the increase in entropy with regulative feed-
back, efficient resource utilization, and adaptation and repair. The idea of the
minimum entropy production in a system was introduced by Prigogine [44],

[45]. His theorem was generalized in a dynamic equilibrium of stationarity [46],
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trading with the stability of the stationer systems [47] [48]. Normal cellular divi-
sion and organization in a balanced energy flow inherently involve some entropy
production generating metabolic heat. Cancer cells have metabolic alterations
and higher entropy production than normal cells. The excess entropy produc-
tion results from uncontrolled proliferation, leading to increased energy expend-
iture and disorganized growth patterns, developing a higher lesion temperature.
Cancer is a typical entropy producer with its uncontrolled proliferation and the
energy demand to supply it. The disrupted protein function by genetic alteration
and the modified cellular regulation contribute to disordered energy flow and
increase entropy production. Network structure plays a crucial role in deter-
mining the overall entropy production of a complex system. Efficiently arranged
networks with optimal flow paths can facilitate processes with lower entropy
generation compared to poorly connected ones. However, the minimal entropy
production is not a universal law and doesn’t always apply to all complex sys-
tems. Specific system properties and external constraints can influence the do-
minant principle governing entropy production.

Homeostasis and minimal entropy production are intricately connected con-
cepts that shed light on how living systems maintain stability and efficiency
amidst the constant flux of the world. Homeostasis maintains the internal envi-
ronment in dynamical equilibrium, while entropy production is a universal
trend toward disorder. Homeostasis minimizes entropy production. Living sys-
tems constantly defy the tendency towards increasing entropy by actively main-
taining homeostasis. The balancing process involves negative feedback loops.
The balances are used judiciously to maintain vital processes, take care of the
energy and matter resources, and minimize waste and dissipation. Some note-
worthy examples of how homeostasis works with minimal entropy production.

e The metabolic enzymatic processes in pathways are arranged and regulated
to optimize energy extraction and minimize waste production.

e Sweating and shivering are examples of how the body minimizes entropy
production by maintaining a stable internal temperature.

e The immune system identifies and eliminates foreign invaders, preventing
cellular disorganization and maintaining tissue integrity.

e Systems with homeostasis can adapt to changing conditions and repair dam-
age, preventing entropy from gaining a foothold.

The interplay between homeostasis and minimal entropy production offers a
fascinating lens to understand living systems’ remarkable resilience and effi-
ciency.

The minimal entropy production, which is connected to the optimal use of
energy resources, is slightly connected to the Darwinian evolution principle,
which governs the long-term evolution of the species. The species that can
manage minimal entropy production have advantages due to better energy utili-
zation.

Network structure plays a crucial role in determining the overall entropy
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production of a complex system. Efficiently arranged networks with optimal
flow paths can facilitate processes with lower entropy generation compared to
poorly connected ones. Specific network properties, like modularity, redundan-
cy, and feedback loops, can contribute to minimizing entropy production. Mod-
ular systems can isolate inefficiencies, while redundancy ensures continued
function despite disturbances. Feedback loops can regulate processes and op-
timize resource utilization, reducing waste and entropy generation.

In a simple energy exchange, the energy intake linearly depends on the mass,
so the mass of the living object linearly defines the metabolic energy. This ex-
change distributes the metabolism equally and proportionally to the metabolic
mass. The most straightforward situation for average distribution is when the
cells are entirely independent, with no interaction, and the energizing nutrients
are unlimited. Such a situation happens in well-supported cell cultures, where
the medium has plenty of nutrients for all the cells. All cells metabolize equally,
so the individual metabolic rate is equal, independent of how many cells are in-
volved [49]. The specific energy usage (the basal metabolic rate (BMR) of a unit
mass (M) of the living object B, ««c BMR/M ) shows the efficacy of the energy
utilization in the resting state. Experiments clearly show the difference between
individual satisfaction with energy supply and collective optimization. The in vi-
tro cell cultures provide plenty of nutrients in the supporting medium where the
cells are living. In this case, there is no cooperation and no self-organization
among the cells, so their intaking metabolic power is equal, B, = const. indepen-
dent of the number of cells involved in the experiment [49]. Optimizing energy
distribution is unnecessary when the environmental conditions may be unlim-
ited to ensure the nutrients for life energy. There is no self-organizing; all cells
participate equally in the unicellular setup. The challenge of individuality starts
when the resources are limited. The limit of natural resources soon begins to
develop a competition between the neighboring living fellow-subjects for the re-
sources. Similar individuals, having the same “body mass” compete intensively
with relatively equal chances to win. However, when a more massive object ap-
pears by accidental variation of cellular contacts, its chances to adapt to the
challenges and survive increase. The equality of the participating cells is broken;
they specialize in various tasks in the collective, which mainly depends on their
position in the structure and participation in the energy and information trans-
fer. The adaptation maximizes the use of resources, like when starving the object
maximizes the material payoffs [50], as we had seen in molds where the starting
multicellularity realized the available maximum.

Living objects have enormous heterogeneity. Their parts are not similar in
their form, shape, size, structure, behaviors, properties, physiologic parameters,
living preferences, etc. Due to these features being universal for living creatures,
space and time similarities of living organisms (“allometry”) are observed [51].
Various concepts of metabolic studies may use allometry [52]. However, the self-

organizing of their integrity and the energy sharing of the metabolic process is
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common, giving the possibility of allometry [53]. Irrespective of their evident
and enormous differences, self-organized self-similarity is general for all kinds of
life realization. In the complex self-organized order of cells, the power intake in

unit mass (By) follows an allometric scaling [54]

B, o BMR o m g (1)
M

It is a clear tendency: when the mass is more significant (the unit has more
individuals cooperating), the requested basal metabolic rate decreases the specif-
ic energy utilization and efficacy. The reason for these relations is rooted in
self-organizing and self-similarity [55]. Allometry has a role in self-organized
evolution [56]. In this way, the allometry preferring the larger mass for optimal
use of the available energies has an additional preference in the evolution
process. Optimal energy management may limit cellular tumor thermogenesis.
Suppressed thermogenesis reduces entropy production. This change is one of the
reasons the animals with large masses, despite having more cells and a higher
probability of cellular divisions, have less cancer prevalence [57]. Homeostatic
control and minimal entropy production optimize energy utilization, which
could have a pivotal role in cancer prevalence. Random genetic mutations offer a
linear expectation of cancer incidence but have a power law function, indicating
that several sequencing mutations lead to cancer.

The minimal entropy production, interspecies allometry, and homeostatic
control show living systems’ adaptive strategies and intricate organization, in-
cluding the deviations leading to cancer. Deviation from physiological optimiza-
tion and resource utilization could hint at the mechanisms of cancer develop-
ment. The disruption of the optimizing principles (including the deviations in
the homeostatic regulation) contributes to malignant conditions. It builds a the-
rapeutic strategy to restore homeostasis and minimize entropy production in
dysregulated states. The predictability of gene interactions could be a great addi-
tion to personalized medicine with a better estimation of the risk of the malig-
nancy and increase the treatment efficacy.

Scaling, a power function dependence like (1) is fundamental in living
processes. The relative changes are generally proportional in a complex system

[58]. Consequently, when a parameter & depends on the parameter g, then

A A
their relative changes (ﬁ and —gj are proportional by an empirical factor z
A A
ﬁ =7 _g (2)
£ g
Integration of (2) we get
2 =dg° (3)

The deviation from the randomness is connected to the self-similarity of the
living objects [59] [60], and the fractal geometry may describe the assembly of

the biological structures [61]. The self-similarity of the fractal geometry is con-
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nected to the scaling behavior. A large category of living systems and processes
may be described with scaling laws [62]; even the metabolic power and its fluc-
tuation behave universal scaling [63]. The living organism has to grow in collec-
tive harmony, and the relative growth of parts must be proportional [64], so the
basic scaling (2) is well applicable to growth processes. The scaling allometry
focuses on the ideal nutrient supply and homogeneous resting state in stationary
equilibrium where the metabolism of the unit mass becomes optimal. With the
growing number of “individuals,” nutrition starts to be limited. When the nu-
trients are scarce, like, in many cases of cancer development, the scaling power
differs. In this stage, some cooperation features at least perish the weak or inter-
nal members of the “colony”, appear, and the suboptimal alimentations develop
increased demand for intensive transports.

The bio-signals have self-similarity and correlate with their earlier value at
time-lag 7. Autocorrelation is how the signal correlates with its earlier values.
The 7 characteristic of temporal self-similarity originates from the repeated
regulatory signals in the organism. The autocorrelation carries information
about the dynamism of the microstates, showing the preferences of possible va-
riants of the molecular reactions [65]. The homeostatic balance defines autocor-
relation of the set of signals of biological changes [66] [67]. The induced collec-
tive noise of homeostasis has particular noise when the noise power and the fre-
quency have a reciprocal relation (1/f noise) [68] [69]. The self-similar signal is
one of the hallmarks of collectivity, well described in fractal physiology [70],
[71], it is a time-fractal in the living organism [72]. The time fractal makes orga-
nized “chaos” in physiological signals [5], which is a stochastic phenomenon,
and knowing its origin, it is entirely manageable [73]. The 1/f noise is like a
“song” in the dynamic system [74], and it can be corrected when the cancer de-
viates its “tune” [75]. The song’s harmony also describes the biosystems in pop-
ular literature [76]. The cancer genetic sequencing generations have a 1/f pow-
er-law distribution of mutant frequencies [77] [78], showing a self-organized
adapting behavior of gene organization. This 1/ “noise” has a high complexity
with the highest information content and best memory (autocorrelation) [79]

Figure 4.

2.2. “Democracy” and “Autocracy” in the Living Complexity

The self-similar self-organizing process is collective [80] and relates to the scal-
ing [81]. Terminals of a circulatory system that supply an organ adjacent to the
cells are equivalent and supply the cells with the same functions equally. Collec-
tivity subordinates the individual needs to the groups and optimizes the energy
distribution for the best survival with the lowest energy consumption. This
energy-sharing works like a kind of democracy [82]. This “democracy” is regu-
lated by general biophysical rules, governed by the competition for resources in
micro and macro phenomena. The various species fit the evolutional develop-

ment when the given living object adopts the different environmental conditions,

DOI: 10.4236/0jbiphy.2024.142009

164 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009

A. Szasz, G. P. Szigeti

11—
2
X
K 1 0.5 Various biological effects happen by
g' 1/f noise 5 _ abroadtime-scale
o & H < v
v o
s L
Qo .
£ J 1/f noise
Brown noise ®oH
(integral of L 1l variety of ti | K
. . small variety of time-scales makes
hite noise) L <: The effects immediate together, no
| networking, individual reactions
O ; :
white noise autocorrelation Strictly repetitive e B \ white noise I

(a)

Figure 4. The autocorrelation function i

(e.g. periodic)

signal time-lag

(b)

s related to the self-similarity parameter of an integrated time series. (a) The complexity is

maximal in 1/f noise. Complexity gradually vanishes at lower or higher autocorrelation values. (b) The autocorrelation vs.

time-lag.

develops a multicellular structure with individually characteristic “democratic”
distribution of the available sources, and forms species-character of the ho-
meostatic regulation. The unified principle of developing the homeostatic con-
trol and the unified dynamic internal “democracy” found the interspecies allo-
metric scaling of metabolic rates versus mammalian body size [83]. This general
complex phenomenon also justifies the validity of the comparative study of can-
cer in the species [84] [85] [86], giving a tool to study comparative oncology
[87]. The “democratic” idea looks more general than the energy supply. The
“democratic” distribution characterizes the information distribution, too [88].

The cells use different amounts of energy depending on their function, so the
“democratic” distribution of energy between all cells equally obviously does not
work. However, another kind of “democracy” works: the cells have well-controlled
and balanced energy part depending on their function in the collective. The
structure of the entire system optimizes the energy distribution. The energy bal-
ance realizes a variation of the transport network supplying the demand varia-
tions. This directly involves the fractal structure of transport not being unified as
a structure in the system but formed by homeostatic demands. The balancing of
autocracy and democracy characterizes the evolution when the “selfish gene”
[89] tries to dominate all processes, but the environment-dependent self-organi-
zation requests democratic decisions. Otherwise, the process blocks the com-
plexity of the system. The competition with two actions to cooperate or defect
well approaches the biological interactions [90]. Such alternating action strate-
gies are sometimes more relevant than synchronous processes [91].

The balancing of autocracy and democracy characterizes the evolution when
the “selfish gene” [89] tries to dominate all processes, but the environment-de-
pendent self-organization requests democratic decisions; otherwise, the process
blocks the system’s complexity. Complex homeostatic control shows the balance

of feedback mechanisms. The negative feedback interactions are tuned to keep
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the actual state comparative accurate value, determined by the self-organizing
system. Nevertheless, the system is energetically open, which is the mandatory
condition for life, so the positive feedback mechanisms compulsively push some
reactions, determining the metabolic processes in both directions (catabolism
and anabolism). These obligatory constraints indeed derive an autocratic line
when the probability of responses drives the defined direction of the processes.
Such necessary autocratic strategies can be beneficial for exerting control over
asymmetric interactions [92]. The regulatory networks have many commonali-
ties from microbes to humans [93]. The regulation of collaboration and coope-
rativity massively boosts the democratic character with overall genomic com-
plexity. The complex regulatory effects tend to a partnership supporting the
democratic structure, whereas others regulate primarily in isolation, in a more
autocratic fashion [94]. The degree of collaboration forming autocracy in oppo-
sition to democratic behavior is a particular characteristic of the complexity of
the open living systems.

The meaning of living efficacy had changed drastically due to a shortage of
resources and other existing inequalities. These turn mass-production strategy
into survival preferences, and later, more complexly, not only individual survival
but the inheritance of successful capabilities to the next generation, transferring
the appropriate genetic code. Due to its energetical openness, the individual liv-
ing object needs internal operative distribution of the incoming energy. Its parts’
survival determines the object’s overall survival, so optimizing energy distribu-
tion is crucial. The “democracy” of distribution is based on a strict competition
for the species’ survival, making evolutionary selection. The selection mechan-
isms are strict “autocrats” [95], eliminating the non-optimal creatures; only the
best, the most adaptive to the environment, could survive. In this way, an overall
driving force appears in the background. The general systems theory [96] was
one of the early efforts to show the complexity of open living systems, focusing
on the deep embedment of its processes in environmental interactions. Due to
the environmental actions, the physical laws work well to explain the evolutio-
nary processes [97]. Life is a collective phenomenon together with its environ-
mental conditions. The energetically open living system intensively interacts
with its environment, exchanging molecules and various thermodynamic and
electromagnetic parameters. Simply put, our focus differs from living motility to
energy transfer. Instead of the monkey’s migration through the forest, we con-
centrate on how the forest migrates (flows) through the monkey, like the envi-
ronmental energy source.

The environmental determinant is flexible. The developing living organization
could counteract and balance the ecosystem in a dynamic interaction, so the sit-
uation manifests the complexity again: the environmentally determined evolu-

tion drives the self-organization, which in feedback guides the evolution [98].

2.3. Morphogenesis

The mutual interactions of malignant cells with their host tissue form a frame of
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cancerous development. The generation of the developed forms (morphogene-
sis) sculpts a single cell into the intricate and diverse shapes of living organisms,
independent of their size and lifestyle, equally applicable to such extreme masses
as drosophila and whales. Morphogenesis is one of the fundamental pillars of
developmental biology. Morphogenesis drives the development of forms in bi-
ology [99] with an activator and inhibitor generating repetitive patterns from
differential diffusivities and nonlinear reaction terms. Morphogenesis intricately
balances genetic instructions and environmental influences. Genes provide the
blueprint, but external factors like nutrients, light, and mechanical conditions
can influence an organism’s shape. The morphogenetic interactions and its act-
ing “field” and “waves” were first proposed as early as 1904 [100]. The morpho-
genetic field is a group of cells responding commonly to discrete, localized bio-
chemical signals. Shared interactions can develop morphological structures.
morphogenesis became one of the focuses of developmental biology. The fractal
description of the spatial irregularities of living objects allows for objectively
comparing complex morphogenetic differences [101]. The morphogenesis may
reprogram the cells, like malignant cells transforming to normal when trans-
planted to a healthy environment [102] [103], and vice versa. The specific me-
chanisms of morphogenesis vary greatly depending on the organism and the or-
gan or tissue being formed. Morphogenesis is essential for the proper function-
ing of organisms.

The complexity of cancer has structural and dynamic components that de-
stroy the healthy homeostatic spatiotemporal arrangement of the host tissue.
The developing microenvironment of malignant cells forms a “morphogenetic
field,” which evolves the structure described by fractals [104]. Generally, scale-
invariant, and statistically self-similar structures form fractals. The irregular,
non-self-similar structures could be affine fractals when they can be characte-
rized with a power function or are not fractals, mostly with exponential charac-
ter [105].

Morphogenetic models with diffusion-like and cellularly inductive methods
[106] showed that the frequency of the activated avalanches vs. the number of
activated genes in the random gene model has a power-law of 1.25 power, so the
high frequency of the avalanches is paired with a low number of activated genes.
The development of a small number of spatial patterns was observed to be linked
to the minimal genetic networks. The reaction-diffusion system (activator-inhi-
bitor balancing Figure 5) depends on the concept of a chemical prepattern de-
veloping before cell fate decision and emphasizes the ability to induce pattern
formation. It works like a promoter-suppressor from an allegedly homogeneous
initial state. The reaction-diffusion model in morphogenesis [107] could be ex-
tended with electrodiffusion in cancer development [108]. Analysis of morpho-
genesis needs self-organization principles and network analysis of biological
structures.

The morphogenetic field can show a significant loss of the intercellular con-

nections with redistribution of the E-cadherin/f-catenin complexes. Still, the
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Figure 5. The activator-inhibitor balance is usually
modified with diffusion and electric field. These ef-
fects are intensively interacting.

shape modification could force a transition of the metabolic pathway and rear-
range the healthy oxidative signals [104]. This reversing reconnection of the
nonconnected malignant cells could be observed in experiments [109] [110],

where the electro-diffusion was used in the reaction system.

2.4. Networking in Living Objects

The complex network may be interpreted where each element is a node, and re-
lationships (connections) between them are represented with links. A graph may
represent the network, where nodes are vertexes connected with edges. There are
different concepts to build up a network, and these characterize various actual
structures.

Erdos-Renyi’s evolution of random networks [111] [112] is widely used as a
starting reference for network development. Here, each pair of nodes is con-
nected with p probability. It randomly makes approximately pN(N -1) num-
ber of links. The Erdos-Renyi (ER) network graph is a discrete distribution func-
tion with binomial character [113], which is well approximated by the Poisson
distribution. The nodes have an average degree (k) , which exponentially de-
creases at high K, showing that the significant deviation from the average is
rare. Here, the clustering coefficient is constant, and the network size (N, the
number of nodes) is a power function of the mean path length (£): N oc £, so
L~In(N). ER follows a power-law which is characteristic for all self-organized
and self-similar structures (like many biological phenomena) [114].

The links between the network nodes have the primary role in the interac-
tions, information exchange, and transport. A milestone model was elaborated
by Watts and Strogatz [115], showing possible extra connections (shortcuts of
the links) in the complex social network, which forms “cliques” where the links
describe relations between the nodes. The Watts-Strogatz model (WS) [115]
starts with a regular lattice, where each node is connected to its nearest neigh-
bors. The network development rewrites the connections randomly, breaks “old”
links, and creates new ones. Increasing the rewiring probability % from zero,
the developing network begins to have a characteristic value of random long-
range connections (L ), creating a small-world (SW) network, with shortcuts
lowering the access path between nodes. The SW networks have local clustering,
which is more likely to be connected to other nodes in their near vicinity and
have high global connectivity also because of the high probability of being con-

nected to nodes that are further away. SW structure has high local clustering yet
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a short average path length between any two nodes, supporting direct informa-
tion transfer in the entire network. The SW feature transition is a crossover, not
a phase transition. It depends on the network size N and the degree of disord-
er . The earlier calculation showed the size of the crossover is N™ ~ @ %
[116], which is later corrected to N™ ~ ™ [117] [118]. The existence of the SW
was experimentally proven [119] [120] and later, its first theoretical examination
gives a hint of how it forms the “small world” in society.

The increasing rewriting connections of the regular network construct regu-
latory subnetworks. In this way, both the local and global properties of the sub-
networks depend on 2. Small-world networks exhibit a property where the
characteristic path length between nodes remains relatively small. In low clus-
tered (4 ~1), nearly entirely random SWs, the path length is typically logarith-
mic of the size £~In(N)), and so N~e”® where £, is a characteristic
length. The exponential dependence of N from <£> does not follow the power
law, so the small world is not self-similar. The critical insight from the WS mod-
el [115] is that it demonstrates how random rewiring of a regular lattice can lead
to networks with small-world features, where the path length between nodes is
short on average, even in large networks. When the radius of the graph (R ) is
defined by the average distance (E) between the highest degree node (central
node, hub) and other nodes, then define the size of the graph as it has d diame-
ter, when R <d <2R [121]. In the partially random networks like the SW, we
have d~In(N), which slow increase of d by even large N justifies the small-
world behavior. The small-world nature is crucial in understanding various
real-world networks, like such complex systems as social networks and the in-
ternet, neural networks, power grid, computational power, epidemic disease
spreading, synchronicity, cellular automata, genetic algorithms, and complex bi-
ological processes, etc. where local and long-range connections exist, allowing
for efficient communication between distant nodes. The small-world concept
[115] is well-proven in the epidemiology of infectious diseases [122] [123] [124].
It has a role in the human genome, too [125]. Small-world networks strike a
balance between local redundancy and global reach. High clustering promotes
information sharing within tightly knit communities, while short path lengths
enable efficient signal transmission across the entire network. This combination
can reduce transmission costs compared to regular lattices or random networks.
Information propagates quickly through localized clusters, minimizing the need
for long-distance transmissions and associated energy expenditure. Entropy
production could be minimized through small-world features. It may reduce the
signal transmission overhead. Efficient information flow reduces energy con-
sumption for transmitting signals and maintaining network connectivity. This
translates to minimizing entropy production associated with signal transmission
processes. SW enhances the robustness of the network. The redundancy of clus-
tered connections provides fault tolerance. Damage to individual nodes or links

is less likely to disrupt global signal transmission than less-redundant networks.
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This resilience minimizes entropy production by preventing cascading failures
and the need for extensive repair processes. Small-world networks often exhibit
dynamic rewiring capabilities, helping adaptive optimization. Links can be
formed or removed based on usage patterns, allowing the network to adapt to
changing conditions and optimize its efficiency over time. This dynamic opti-
mization can further minimize entropy production by eliminating unnecessary
connections and streamlining information flow. However, the relationship be-
tween small-world networks and minimal entropy production is context-de-
pendent. The specific network dynamics and operating conditions can influence
how small-world properties minimize entropy production. Besides small-world
characteristics, other network features can also contribute to minimizing entro-
py production. Factors like modularity, feedback loops, and node heterogeneity
can all play a role.

Another network-developing concept was established: the Barabasi-Albert
(BA) model, [126]). This network chooses the nodes by their high degree [114],
which are more likely to be attractive than other nodes. The driving force of this
process is the Matthew effect of accumulated advantage [127]. The attractive
motifs are the high degree are more likely to be valuable to other nodes; they
may have access to information or resources that other nodes need; they are
more likely to be trusted by other nodes. The distribution of the degree of ver-
tices essentially deviates from the Poisson distribution. It has a scale-free, self-
similar power-law degree distribution. The probability p(k) that a node has &
links is:

p(k)~c-k” (4)

where c¢is a normalizing parameter and « is the degree of the exponent. The
probability of a highly connected node in BA is statistically more significant than
in ER graph. A relatively small number of highly connected nodes (hubs) often
determine the BA networks. The BA model is scale-free, characterized by the
degree exponent y =3. The power law is scale-free because of the change of
scale of k in (4) by g scale factor; the power function does not change:
p(gk)~c-(gk)” =c-g7 -k =c'-k”. The BA network has no inherent mod-
ularity, so its clustering coefficient is also constant. The complex systems inten-
sively use scale-free behavior in their networks’ large category of spatiotemporal
arrangements [128]. The power-law probability theorem has some problems in
its evaluation, namely by the value of the exponent « in (4). In the case when
2 <y <3, the distribution has a finite mean value and infinite variance, but
when 1<y <2, both its characteristic values are infinite [129]. Most biological
networks have a power degree 2<y <3, for example, y=2.2 for Escherichia
coli. The BA [130] describes many real-world networks well, even complex ones
like the World Wide Web and social media. It is a valuable tool for the genera-
tion of real biological networks having a few fundamental biological processes
[131] [132] [133] [134]. The y >3 range shows the £~In(N) similar to the
random networks. When y =3 (and the lower cut-off the distribution is larger
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In(N)
In(In(N))
lower cut-off distribution is 1, the d ~In(N) [136].) A new kind of network

development was also introduced for ultrasmall-worlds [137], where y =1,

than 2), then d ~ , when In(In(N)) >1 [135]. (Note, in case the

named “Mandala network”. This deterministic development uses shells of the
network. The nodes belonging to a given shell have intra-shell and inter-shell
links, with the nodes with the highest degree in the center. The network devel-
opment is realized by a recurrently expanded addition of a new shell. The mean
shortest path in this network is below 3, and remains constant when In(N)
became higher than 10* (In (In ( N )) =5).

Various scale-free features of the spatiotemporal structure of living systems
appear, like the neural network of the nematode worm C. elegans [138] [139],
protein interactions [140] and robust genetic stability [141] of yeast, organizing
of the metabolic networks in various species [142], and its connection to the
survival certainty [143]. Most proteins interact with few partners, forming a sig-
nificant proportion of proteins serving as ‘hubs’, which attract interaction with
many collaborator proteins [144]. The degree of separation of the small-world in
yeast proteins could be calculated by knowing 1379 proteins in 3.6 average de-
grees [144]. Hence the d degree of separation gives the small-world 3.97 = 1379,
so 025.95. The random protein removal from the scale-free networks does not
change its stability, but the network is susceptible to the targeted removal of hub
proteins. For example, removing a hub-encoding yeast gene causes significantly
higher lethality than removing a non-hub [145] [146]. These observations turn
our focus from molecular biology to complex, network-based molecular net-
works.

These mainly molecular subnetworks could overlap in biosystems, and study
them by various complex network grouping like metabolic, transcriptional, and
protein interactions [134], or according to other aspects. The system is com-
pleted with other systemic subnetworks governed by homeostasis. These sys-
temic regulatory action subnetworks (systemic circles like the cardiovascular,
respiratory, nervous, lymphatic, endocrine, etc.) regulations, together with the
immune surveillance, and many other systemic actions (like renin-angiotensin-
aldosterone system, kallikrein-quinine system, hypothalamic-pituitary-adrenal
axis, etc.) or the subsystem of different organs., all are interconnected and
representing enormous complexity of the human body. Small-world formation
is a common rule in these networks [115]. The small world involves a logarith-
mically growing diameter [147]. The formation of the giant component of the
random network characterizes the percolation transition, which is close to the
random graph [148] (Note that the infinite cluster below the percolation thre-
shold is a fractal, but it behaves as a normal d-dimensional object above this lev-
el). A real space renormalization of a network produces smaller groups unifying
the next-neighboring connections as a domain, using as a node of the renorma-

lized network, similarly made like in the renormalization of the spin-lattice (like
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Ising model) systems [118], forming a small-world network.

The scale-free scaling rule is applicable in medicine, founding a new scientific
approach, the “network medicine” [149]. Network medicine helps to identify,
prevent, and treat diseases. This field uses network topology and dynamics to
categorize diseases and develop medical drugs. A concept of disease network
(diseasome) was introduced [150], focusing on the connection of diseases
through shared genes, having common genetic roots, and linking the o of illness
comorbidity to molecular networks [151], recognizing that the genes associated
with the same disease are located in the same network neighborhood [152]. The
method is a practical combination of extensive data mining [153], using as ge-
nomic database [154], and synergizing network medicine with biomedical data
to optimize the clinical impact.

The hubs have a central role in the connections of BA networks, but when it is
damaged and cannot perform their connective functions, the network could col-
lapse. The strong hub-connected networks have low resilience against malicious
attacks. The weak links stabilize the system and reduce its vulnerability [155].
The weak ties can act as “bridge nodes” linking different network parts. They
play a crucial role in shortening the paths of connection between the nodes that
might not have direct connections. When a hub links in networks, it expresses
relations between the nodes, which we call strong when it is an equivalence rela-
tion. The equivalence relation means that if A is mutually linked to B, and B is
linked to C, then A also linked to C. The links within the network are weak if the
link does not realize an equivalence relation. The equivalence relation classifies
the elements in sets. The pivotal role of weak links in the strength of the network
means that when the information spreads only among links that interact strong-
ly with each other (belonging to the same equivalence subnetwork), it does not
get out of the given equivalence class. The transfer may occur through fewer
than six connections if the set has a single equivalence class. The weak links
make the information spread broadly and transfer quickly, which was first rec-
ognized in the societies [156]. The weak links stabilize the network, which,
without them, is easily broken into independent subnetworks and loses the
broad information exchange. The equivalence class (strong links) is an impor-
tant center, but weak links are necessary to stabilize the complete network [155].
The perturbations and information may spread effectively in the week-link sta-
bilized complex network, which can tolerate more disturbance by perturbations
in the system. The importance of the weak links in biological systems is well
recognized [157]. The weak links connect hubs and may uncouple these modules
when the overall homeostatic equilibrium regulates it to keep the balance [158].
The weak links are pivotal in such complex molecular processes as protein fold-
ing [159]. The multilevel connections effectively reduce the information path-
ways in the networks, including the biological complexity, promoting the forma-
tion of small-worlds.

Many SW networks have robust hub-centered construction without power
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function in its size, forming exponential dependence from the path lengths
(N ~ g5y, Figure 6(a). These structures are not organized in fractals. They
have strong hub-hub links. These attractive interactions determine the network.
In another construction, the hubs are connected through non-hub nodes, form-
ing weak links, which makes the system less compact. The hub-hub interaction
is repulsive in these networks. These arrangements have fractal structure
(N ~(L/ L, )d ) . Such networks are self-similar. Many real networks form such
arrangements (metabolic and genetic networks, long-range correlated structures,
etc.) Figure 6(b). The weak-link networks have real fractal descriptions with
solid repulsion of the highest degree nodes (hubs), arranging them dispersed
[160]. The fractal architecture makes the system less vulnerable to malignant
disturbances. These robust functional modules indicate evolutionary changes in
their construction [160]. The deterministic scale-free networks are also self-similar
and represent fractal properties [161]. Interestingly, the hardware systems are
usually hub-oriented, and the software operation on this hardware has a weak-
link structure, like the internet/web pair.

The biological cellular networks may contain various intracellular interaction
networks [162]. The basic networks are (1) gene transcription networks [163],
(2) protein-protein interaction networks (interactomes) [164] [143], (3) signal-
ing networks [165], and (4) metabolic networks [142] [166]. Additional net-
works help to better understand intracellular complexity, like cytoskeletal net-
works, cellular organelle networks, and chromatin networks. The characteristic
networks differ in their collectivity from random “democracy” through the
hub-driven “rich-get-richer” to the weak-linked, which is self-similarly glued,
realizing a “globality” Figure 7.

The position of nodes from the view of possible information transfer (possible
paths through them) defines the betweenness, which measures the number of

paths through a node [167]. The betweenness centrality measures the relative

O

(a) (b)

Figure 6. Two basic categories of networks. (a) Compact strong link connections, a
hub-driven assortative system with strong hub-hub attraction. (b) Disortative weak-link
connections, hubs are not directly connected, strong hub-hub repulsion.
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Figure 7. The main categories of the networks could be present in biology. (The crystal-
line structure is not biological. It is shown only for comparison.)

number of shortest paths through the nodes [168]. The betweenness and node
degree do not necessarily correlate. Connecting to the network with low-degree
weak links may form central betweenness Figure 8. The weak links could streng-
then the network with the betweenness parameters. Network disintegration is a
phase transition of complex percolated networking, which strongly depends on
the breaking of betweenness of some nodes.

The biological systems may realize different network constructions, re-pre-
sented by graphs:

1) The random graph model, like the WS SW network [115], chooses links
randomly and to any nodes Figure 9. The natural evolution processes may be
described with random networks. The new connections are accidentally devel-
oped and remain when they help the system adapt to external challenges and op-
timize the internal structures. The genetic pool development has frequent small-
world networking [169] [170] and transcriptional networks where the nodes are
the genes and the links arrange the up- or downregulation influence [125] [171].
The genome organization has naturally stochastic transcription described by the
complex small-world regulatory networks [125].

2) The scale-free arrangement (BA network) [172] clearly shows the dominant
content of the high interconnectivity of the molecular interactions in the com-
plex living system Figure 10. The network in this model is hub-directed [126],
where the links are not randomly chosen. To choose a partner, you need to know

how many connections it has with other partners. The choice is optimal when
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Figure 8. The central betweenness of the red nodes is shown in two different situations.
(a) Central betweenness due to hub position with high-degree node. (b) Central bet-
weenness of a low-degree node in weak-link position (The dashed line shows two inde-
pendent network parts connected with only the weak link).
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Figure 9. In a stage of a developing ER network, the nodes are randomly linked. (a) The
network in a stage. (b) The shortest path (red links) between the two nodes. Such
link-connection differs by chosen nodes. (c) The largest domain in the network (blue
links.)

this number is significant. (The process when the rich get richer.) This hub con-
cept is a general rule in many biological structures and processes, such as in
protein-protein interactions, [173] [174]. The networks of biological functions
could be functionally separated, having subnetworks (modules) describing the
different slightly connected functions, introducing modular cell biology [175].
The modules may have a hierarchy by their functional connections forming hi-
erarchical modularity [176].

3) Copying network model (growing network with redirection) [177] uses a
copying mechanism by repeatedly duplicating and mutating existing nodes of
the network Figure 11. Copying network models is used to model biological
networks, such as protein interaction networks and genetic regulatory networks.

Genes containing information about how a node in a network should interact
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(b)

Figure 10. Dominant hub. (a) dominant hub in a complex network. (b) The initial stage
of a developing hierarchic network.

Figure 11. Copying network. The same networking structure appears (copied) in various
regions of the network. Copies are the same, but their neighboring area is different, so
their role could be different in the developing network.

with others tend to duplicate in evolution, thus duplicating the edges in the
network. Also, preferential attachment networks can not model biological net-

works well, both because they are not plausible and because several biological

networks have power-law degree distribution with exponent o= i_g <2

which such preferential network models do not produce where 6 is the ratio of

the number of the randomly added edges to the number of copied edges [178].
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Duplication sometimes is a strategy of resilience. The copying may duplicate
mechanisms, functions, structures, and actions [179]. The network’s copying is
frequently applied in the evolution of species where the developed new genera-
tion subsequently inherits the well-adapting structures and mechanisms. The
genetic networks contain many gene-sequence copies in various positions of
DNA, but these coding differently because their position differs in the DNA.

4) The intrinsic fitness model develops links between nodes over time de-
pending on the fitness of nodes [180]. Fitness is the nodes’ intrinsic ability to at-
tract links in the network, and it varies by node. The most efficient (or “fit”) at-
tracts more edges at the expense of others. In that sense, not all nodes are iden-
tical to each other. The node fits in this meaning when it ensures optimal condi-
tions to survive the next developmental steps, and in this meaning, it is like the
Darwinian selection. In simple cases, fitness optimizes the physical or chemical
bonds or the bondphilic-bondphobic conditions (characteristically hydrophilic
or hydrophobic, van der Waals ability, etc.) “likable” mechanisms when the
nodes are molecules. Fitness is a new parameter for the competition for collect-
ing links in the BA network. In simple cases, the Matthew effect prefers the ear-
lier joined nodes to the network because these have a higher probability of being
linked than the newcomer nodes in evolution. But the reality differs [180]. Some
newcomers have better positions than others and may quickly collect more links
in the developing network. These nodes are fitter than the others. The competi-
tion for links makes a difference from the simple hub preference; it creates a
multiscaling situation where the fitness may modify the scaling behavior of the
network. The Mathew effect, the “rich get richer,” can be modified in this scale
as “fitter get richer” Figure 12.

The Matthew rule and the minimal entropy production have similarities and
potential connections. Both concepts involve positive feedback loops where ad-
vantages tend to snowball. The Matthew effect posits that those with resources

or opportunities attract more, further solidifying their lead. Similarly, systems

l

Figure 12. The newly coming node (denoted by arrow) links two independent subnet-
works in one energetically preferred step during the network’s evolution or two acciden-
tal lucky steps when links are created. This node has higher fitness, making it an attractive
site to connect to stabilize the system with this starting weak link. These new links have
high central betweenness (like Figure 8(b)) forming their fitness in further development.
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that minimize entropy production often become more efficient over time, fur-
ther reducing their entropy generation. Both emphasize the optimization of
processes. The Matthew effect implies that systems where advantages accumu-
late become increasingly efficient at acquiring further benefits. Minimizing en-
tropy production is inherently about optimizing a system’s energy usage and
reducing waste. Systems that minimize entropy production might be more effi-
cient at allocating resources, leading to situations where they acquire more re-
sources faster than others, aligning with the Matthew effect. The value of a re-
source or opportunity increases with the number of users in various networks.
Minimizing entropy production could lead to more efficient network formation
and growth, further amplifying the Matthew effect. Systems that minimize en-
tropy production might be more resilient and sustainable in the long run. This
could give them an advantage over competitors in the long term, potentially
reinforcing the Matthew effect.

However, the Matthew effect and minimal entropy production have signifi-
cant differences, too. The Matthew effect primarily focuses on the distribution of
advantages, while minimal entropy production focuses on a system’s internal ef-
ficiency. The Matthew effect can manifest relatively quickly, while the benefits of
minimizing entropy production might accrue over longer timescales. The Mat-
thew effect often describes non-equilibrium situations where advantages keep
accumulating, while minimal entropy production often refers to reaching a
steady state with minimal dissipation.

The connection of interacting network parts fits into a dynamical equilibrium.
The biological network development differs by its processing time, too. In the
matured biosystems, the network is relatively stable by size; the development is
internal, dynamically forming various nodular connections according to the
energy, material, and information exchange with the internal and external envi-
ronments of the system. Most of the network research focuses on the develop-
ment of networks, studying how the construction of the final giant, dynamically
stable network emerges and evolves in time. A network is developing if the
probability of the nodes connecting links (vertex connection edges in graph re-
presentation) depends on time. Some studies are devoted to this time depen-
dence using random or deterministic models [181]. Network development is
time-dependent with the subsequent addition of connected nodes. The BA has
no change in the network degree distribution over time. Small changes in fitness
parameters could modify the degree distribution [182]. This variant of the BA
model uses a simple modification of the “rich get richer” attractiveness, consi-
dering the second neighbors of the nodes. The influence of the second neighbors
on the realized new link is one fitness parameter, increasing the attractiveness
and making a link. However, the interactions with the second neighborhood de-
velopment of the network deviate from BA [183] when the randomly formed BA
network is unchanged underneath. At the same time, the new node builds up the

second neighbor connections, rearranging the degree of nodes and modifying
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the network degree distribution in the region Figure 13.

The new node in the second neighbor attraction makes the time-step with
new edges to its first and second neighbors. The probability of the choice is
proportional to the availability of the first and second links [181]. This second
neighbor principle appears in social networks as the connection attraction of the
friends-of-friends [184]. The network’s local structure with the second neigh-
bors’ connections became time dependent. The BA model does not consider the
internode mechanisms, so the second neighbors of the target do not influence
the newly attached node. This changes with the new model [181], when one
more connection is realized than the targeted hub originally had (see Figure
13(b)). While the targeted hub has a large number of connections, the degree of
the newcomer is nearly the same as the hub. The newcomer, in this way, has
high fitness. The second neighbor links make a “gelation-like phenomenon” to
the network surrounding the hub, which modifies the linearity of BA and de-
velops time-dependence at a higher number of the degrees of the network [181].

Some small-world networking has a surprising feature in large complex sys-
tems like societies: the “six degrees of separation” principle. It is a concept sug-
gesting that a chain of acquaintances can connect any two people in the world
with no more than six intermediate connections [185], [186] forming an ultras-
mall-world (uSW). Regular small-world networks exhibit high clustering and
short path lengths. uSWs take this efficiency a step further. They possess incred-
ibly high clustering coefficients, often approaching the theoretical maximum
while maintaining surprisingly short average path lengths. This extreme cluster-
ing creates tightly knit communities where information exchange is highly loca-
lized and redundant. It coexists with efficient global signal transmission thanks
to “shortcuts” or long-range connections that bridge distant clusters. It was
shown that the scale-free networks are uSW in large N; where I« In(In(N)), so

/is de facto independent from the network size [121].

(a) (b)

Figure 13. The modification of the BA network. (a) T arriving node to the target node in
the ready network chooses the central hub. The network with the first neighbor effect
where the driving force is the hub connection. (b) Considering the second neighbors
(thin blue lines), make multiple links. It rearranges the degree of the second neighbor
nodes. (c) Ultimately, the network may have degrees in addition to the first neighbor
links.
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The six degrees of separation highlight the amazing interconnectedness of
elements within complex networks. It has recently been theoretically proven in
social networks [187], which apply to all highly complex network systems. The
six degrees of separation idea has been used to characterize the well-connectedness
of elements in a complex network. It has many practical applications, ranging
from social science to computer science to psychology, physiology, and market-
ing. The ultrasmall-world network is stable and tolerates any hostile or acciden-
tal attacks. The uSW needs a high degree of complexity, different types of con-
nections, and extensive network size, and, of course, it needs percolated net-
works with no isolated subnetworks. The existing non-percolated subunits are
independent, with no link between them to use the six-step connections; howev-
er, by development, they could be connected by new links.

The multilevel complexity and the interconnectedness of these levels ensure
small-world networking but not uSW. The uSW is not general. It needs special
conditions and high complexity with a large-size network. In some cases, the
uSW with six degrees of separation appears for living networks, too [188], but
usually d > 6. For the metabolic network, the observed SW diameter d ~8.78
[188], which in extended network consideration shows uSW diameter [166]. The
calculated average degree of nodes of the substrate graph is (k)=4.76 in
N =275 nodes and the activity reaction graph (k)=9.27 with N =311, when
the most active molecule pairs (ATP-ADP, NAD-NADP, NADH-NADHP) are
not included. From here the degree of separation d,=3.6 and d, =2.6 for
substrate and reactions, respectively. When the active molecule pairs are in-
cluded, the values are: d,=2.8 and d, =1.7. The obtained data show that the
active molecules and the reactions decrease the degree of separation. The pro-
tein-protein interaction network d has a variation of the network diameter
d ~1-8, with the maximum of uSW at 3 [188]. Studies suggest that the organi-
zation of regulatory elements within genomes might resemble uSWs. Genes as-
sociated with similar functions often cluster together, forming tightly-knit
communities. These clusters are then connected through long-range regulatory
interactions, enabling coordinated gene expression across the entire genome. In
the process of transferring genetic materials between species (horizontal gene
transfer) uSW [189]. A study showed that the gene network that impacts brain
wiring has a scale-free small-world topology [190], in which two features may
form uSW [121]. The uSW-like architecture could potentially contribute to ge-
netic stability. The redundancy and localized information sharing within clusters
might facilitate efficient error detection and correction mechanisms. If a muta-
tion occurs in a gene, its neighbors with similar functions can potentially signal
the error and trigger repair processes. The long-range connections between
clusters could be involved in propagating epigenetic modifications across the
genome, ensuring consistent gene expression patterns and preventing unwanted
transcriptional fluctuations. The long-range connections between clusters could

be involved in propagating epigenetic modifications across the genome, ensuring
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consistent gene expression patterns and preventing unwanted transcriptional
fluctuations. The modularity and redundancy inherent in uSWs might make
genomes more resilient to environmental stresses or mutations. Damage to one
cluster might be isolated and contained, preventing it from cascading into
broader genomic instability.

Hierarchical levels of biological networks have the same massive complexity
as society. The various network levels work in tight cooperation and synchrony
in a healthy system based on communication and exchange, like direct contact,
chemical signaling, and electrical signaling. The primary network levels are in
Figure 14.
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Figure 14. The interconnected networks in the developed living objects.
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Cellular processes with DNA as a blueprint for the above cellular level activi-
ties, defined as the transcription and translation processes. Gene products
regulate gene expression, as proteins produced by genes can also act as tran-
scription factors, regulating the expression of other genes. This creates feed-
back loops that fine-tune cellular processes and ensure appropriate responses
to environmental cues. While protein-coding genes are crucial, non-coding
DNA also plays a significant role in regulating gene expression, can bind to
regulatory proteins, and influence the accessibility of genes to RNA polyme-
rase. These regions can bind to regulatory proteins and affect the accessibility
of genes to RNA polymerase, further shaping cellular networks. Proteins
produced by genes can also act as transcription factors, regulating the expres-
sion of other genes. This creates feedback loops that fine-tune cellular processes
and ensure appropriate responses to environmental cues. The scale-free net-
works and genetic robustness are connected [191]. The SW properties of ge-
netic networks can vary depending on the specific network examined and the
methodology used.

Cellular level (the basic living unit): At the most fundamental level, living
organisms are composed of cells, which are complex networks of organelles
and macromolecules. These internal networks interact through various me-
chanisms like protein-protein interactions, metabolic pathways, and signal
transduction. Different cell types have specific structures and functions tai-
lored to their roles within the organ or tissue. Cells communicate with each
other through a variety of mechanisms, including chemical signaling (e.g.,
hormones, neurotransmitters, other signaling molecules) and electrical sig-
naling to rapidly transmit signals over long distances (e.g., electrical impulses
of nerve cells); direct cell-to-cell contacts (e.g., gap junctions, cadherins, me-
chanical connections). Cellular networks can adjust their activities in re-
sponse to internal and external stimuli. Feedback loops within cellular net-
works ensure homeostasis and the maintenance of a stable internal environ-
ment. At the next level, the organs function effectively due to the coordinated
activities of various cell types.

Organ level (the special functions): Groups of cells with specific functions
form organs, and organ networks exchange nutrients, hormones, and elec-
trical signals, enabling coordinated organ function. For example, the circula-
tory system networks with the lungs for gas exchange and the digestive sys-
tem for nutrient absorption. The interaction between the cellular and organ
levels in humans is a beautiful dance of microscopic machinery working in
perfect harmony to achieve complex functions. Different organs are com-
posed of specialized cell types, each with unique structures and functions tai-
lored to the organ’s overall role. Cells within an organ and between different
organs communicate through a sophisticated network of chemical messen-
gers. Endocrine glands like the thyroid or pancreas release hormones through

the bloodstream to target cells in distant organs, regulating their activities.
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Cells can also release signaling molecules like neurotransmitters and cyto-
kines to influence their immediate neighbors or cells in other organs. In the
nervous system, cell communication happens through electrical signals car-
ried by neurons. Nerve impulses travel along axons, triggering the release of
neurotransmitters at synapses, which relay the signal to other neurons or
target cells in muscles or glands, coordinating rapid responses throughout
the body. The circulatory system, primarily the bloodstream, acts as a high-
way for essential nutrients like oxygen and glucose to reach individual cells
from organs like the lungs and intestines. Conversely, waste products like
carbon dioxide and metabolic byproducts are transported by the blood to
organs like the lungs and kidneys for excretion. Ultimately, the interactions
between cells at the cellular level orchestrate the proper functioning of organs
at the organ level. The correlation of the organ’s activity can be measured
with various electric signals of diverse physiological organ systems [192],
well-coordinated by the brain. The organ network has fractal properties, and
the scaling index could be regarded as a sensor of the healthy operation of the
living system [193].

e Organism level (the system): Individual organisms interact with their envi-
ronment through various networks. Nervous systems facilitate communica-
tion within the organism, while sensory organs and muscles connect the or-
ganism to the external world. Additionally, interactions with other organisms
form ecological networks, like food webs and symbiotic relationships. Organs
constantly communicate with each other, sharing vital information through a
complex web of messengers. Like the orchestra’s conductor, hormones travel
through the bloodstream, influencing the activity of distant organs. Addi-
tionally, nerves act as communication cables, sending electrical signals to
coordinate rapid responses. No organ operates in isolation. The digestive
system breaks down food, fueling the muscles and energy for the brain. The
lungs deliver oxygen to every cell, while the kidneys filter waste products
from the blood. This intricate dance of give-and-take ensures the organism’s
overall well-being. Maintaining a stable internal environment is crucial for
survival. Organ networks work together to achieve homeostasis, regulating
factors like body temperature, blood sugar levels, pH balance, etc. The hu-
man body is remarkably adaptable, and organ networks play a crucial role in
responding to internal and external stimuli. When exercising, the heart
pumps faster, lungs increase respiration, and muscles demand more oxygen,
all orchestrated by the organ network to meet the organism’s needs. Com-
munication between organs isn’t one-directional. Feedback loops ensure
fine-tuning and adjustments. For example, rising blood sugar levels trigger
the pancreas to release insulin, which signals cells to absorb glucose, bringing
blood sugar back down.

The living complexity projects different networks into each other, forming a

“network of networks” [194], and builds up the complex system with the inte-

DOI: 10.4236/0jbiphy.2024.142009 183 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009

A. Szasz, G. P. Szigeti

ractions of these: tells are the building blocks, tissues are “communities,” and
organs are collaborative teams. In addition to the complexly interacting net-
works, the overall physiologic regulation and immune surveillance ensure the
dynamic balance that characterizes a healthy organism. The projections of these
to each other are not a one-way street; they are heavily modifying each other to
build the final homeostatic system equilibrium. The genetic network, consisting
of gene interactions, is a blueprint for cellular function. This blueprint is “read”
and translated into action through gene expression. The genetic structure shows
a well-organized fractal in the chaos-game representation [195]. However, the
blueprint is not rigid. The nurture with random processes may modify it with
mutations.

Each cell within a tissue or organism can express a unique subset of genes,
forming a distinct cell type with specific functions. This diversity in gene expres-
sion patterns creates a network of cells. Therefore, the genetic network projects
onto the network of cells through the selective activation and repression of genes
in different cell types. Specific regulatory mechanisms, like transcription factors
and signaling pathways, interpret the genetic blueprint and dictate which genes
are “turned on” in each cell. Cellular signals and environmental factors can feed
back and influence gene expression, impacting the overall network dynamics.
Additionally, epigenetic modifications and non-coding RNAs can further fine-
tune gene expression within specific cell types, adding another layer of complex-
ity to the projection process. Each cell type’s unique gene expression patterns
define its function, impacting the overall operation of the tissue it belongs to.
Different tissues within an organ work in concert through direct cell-to-cell in-
teractions and secreted signaling molecules. This coordinated activity ensures
the organ’s specific function. Organs interact through various channels, like the
circulatory and nervous systems. This communication allows them to coordinate
their activities and maintain organismal homeostasis, the delicate balance of our
internal environment. These projections are not static. Cells within tissues can
adapt their gene expression in response to local signals and environmental
changes, fine-tuning their functions and influencing organ behavior. The blue-
print within the cell network guides the development of organs from embryonic
tissues and even contributes to tissue regeneration throughout life. When cell
functions or communication within the networks are disrupted, it can lead to
malfunctions in tissues and organs, contributing to various diseases. The various
organs interplay to maintain the stability of the human organism. Organs con-
stantly monitor and adjust their activities with negative feedback based on the
needs of the entire organism. Many vital functions have redundant and backup
systems. Organs communicate nerve impulses and signaling molecules, main-
taining the physiologic regulation of the system. Many organs can adjust their

operations to meet changing demands.

2.5. The Game—Fight for Resources

Resources for life are rarely unlimited. The participating organisms individually
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fight for resources, but in starving conditions, they cooperate to survive [34].
Both competitive and cooperative games offer valuable training grounds for in-
dividuals and groups, shaping the evolution of traits and behaviors that contri-
bute to survival and success. The competitive games select the advantageous
traits. The competition pits individuals against each other, favoring those with
features that give them an edge. Over time, natural selection makes these advan-
tageous traits more common in the population. The constant pressure to outdo
competitors drives development. The skills used in play can be applied in real
life, increasing survival and reproductive success. The cooperative game is a typ-
ical strength in numbers; achieving the goals in the group would be impossible
alone. Cooperative behaviors that benefit the group increase the chances of sur-
vival for all participating units, indirectly promoting genes associated with those
behaviors. Cooperation requires effective communication, coordination, and
regulation. Some cooperative games involve sacrificing individual benefits for
the good of the group. A strategic “cost” must have a bigger payoff over time.
This can select genes associated with collective behavior, leading to the evolution
of more cohesive and supportive organisms.

Game theory is often used to describe both competing and cooperating activi-
ties. The game theory deals with strategic exchanges, a mathematical analysis of
decision-making counting the cost-benefit balance. It looks like a perfect calcu-
lation tool for the problems of competition and cooperation when the costs and
payoffs are essential. The involved agents (players) try to maximize their payoff
with minimal cost in a non-cooperative interaction, but the opposition’s goal is
contradictory due to the same strategic plan. The solution is a win-win optimi-
zation. This balancing “game” of the opposite processes may be described by the
decision-making game theory, where both parties can achieve the optimum of
their desired outcome without giving up their original purpose. The game
evolves to reach the Nash equilibrium. It is the state in which all systems can
maintain their equilibrium without disrupting the equilibrium of the other sys-
tems. In the Nash equilibrium, no further significant actions to modify the equi-
librium state would produce more benefit than cost. In a Nash equilibrium, no
player can improve their payoff by unilaterally changing their strategy.

They reach a Nash equilibrium, in which both parties’ strategy considers the
opposition’s decisions and optimizes their own. Every party gets the outcome
they want, so both of them win. The regulative driving force of each side seeks to
assert its influence, but it is limited by the opposition, which has its desire. The
negative feedback mechanisms of the complex homeostatic regulation govern
the complete process [196]. Each factor wants to change the body’s equilibrium
in its favor, but the characteristics are also interdependent. The Nash equili-
brium is when the cost of change forces one part of the process to balance the
benefit that could be reached; no further actions would produce more benefit
than cost [197]. The Nash equilibrium of this game is the state in which the

body’s equilibrium is maintained despite the changes made by the different fac-
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tors. A theoretical model describes the game with multiple “players” forming a
balance with Nash equilibrium [198], which may be used for the description of
homeostasis. The evolution of the network seeks Nash equilibrium, while the bi-
ological evolution fulfills the Darwinian selection. However, the Darwinian se-
lection and Nash equilibrium differ considerably. Darwinian selection operates
at the level of populations, while Nash equilibrium operates at the level of indi-
vidual players. In Darwinian selection, no conscious players are making strategic
choices. Instead, it is the blind forces of nature that select certain traits based on
their survival and reproductive advantage. In Nash equilibrium, players are as-
sumed to be rational and know the game’s rules. However, organisms in natural
selection do not act rationally or strategically. They have traits that either help
them survive and reproduce or do not. In Nash equilibrium, players have a fixed
set of strategies. However, in Darwinian selection, the “strategies” (i.e., traits)
constantly change and evolve through mutation and natural selection.

The Matthew effect (“rich get richer”) is centered on the situations, resources,
or opportunities that tend to flow toward those who already have them and form
“hubs” in this way in network models. This positive feedback loop can be mod-
eled as a game where players invest in assets that offer the highest returns, fur-
ther increasing the value of those assets and creating a self-reinforcing cycle. In
this scenario, the “rich get richer” outcome could be a Nash equilibrium where
no player has an incentive to deviate, as their best choices depend on others
doing the same. The “rich” hub has strong network effects. The value of fitness
increases with the number of neighboring nodes connected to the same hub.
This can create a winner-takes-all dynamic where the early leader gains a signif-
icant advantage and attracts even more users, solidifying their dominant posi-
tion. This outcome could also be seen as a Nash equilibrium where competing
firms have no profitable alternative to following the leader’s strategy. However,
this Nash equilibrium involving the central hub is vulnerable to external factors
disrupting the game’s dynamics.

Darwinian selection and the Matthew effect are generally considered compat-
ible, though their relationship is nuanced and not without some potential con-
tradictions. Both concepts involve positive feedback loops where advantages
tend to snowball. In Darwinian selection, individuals with advantageous traits
have higher survival and reproduction, making those traits more common in the
population. Similarly, the Matthew effect posits that those with resources or op-
portunities attract more, further solidifying their lead. Both principles emphasize
that individuals or entities with specific characteristics achieve greater success
than others. Darwinian selection is about survival and reproduction; in the
Matthew effect, it’s about accumulating resources or advantages. Both offer ex-
planations for observed patterns in nature and society. Darwinian selection helps
explain how species evolve and adapt, while the Matthew effect sheds light on
phenomena like wealth inequality and the dominance of certain players in vari-

ous fields. Darwinian selection and the Matthew effect are compatible in ex-
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plaining how advantages can snowball and lead to differential success. Their re-
lationship is not without complications. Darwinian selection typically operates
on long time scales, while the Matthew effect can manifest more quickly. This
disparity can lead to situations where short-term advantages gained through the
Matthew effect might not necessarily translate into long-term evolutionary suc-
cess. Darwinian selection focuses on individual traits and their impact on sur-
vival and reproduction within a population. The Matthew effect, however, often
plays out at the level of groups or entities, potentially creating situations where
some groups benefit at the expense of others, even if their members might not all
be “fitter” in the Darwinian sense. Both concepts acknowledge the role of chance
in shaping outcomes. However, the emphasis on randomness might differ. Dar-
winian selection often highlights the importance of random mutations and en-
vironmental fluctuations, while the Matthew effect might focus more on initial
advantages leading to self-reinforcing cycles.

The idea of life networks evolving to a Nash equilibrium intersects game
theory and evolutionary biology. Living network formation as a game includes
strategic processes about forming connections with others based on the rela-
tionship between potential benefits and costs. The benefits could be different
aspects of the living organism, like resource sharing, mutual defense, or infor-
mation exchange. The resulting network structure can be seen as an outcome of
this strategic game, where each node (organism) chooses its connections (strate-
gies) to maximize its fitness.

The network development includes strategic decision-making by the nodes,
trying to maximize their payoffs Figure 15. Each intending to connect nodes is
in a frustrated position between the different driving forces, which offer various
benefits and costs for the link. The final joint link will be realized by the balance
between the “payoff” and the “cost” of the action. The opposing driving forces
are the actual (short-range in spatiotemporal arrangement) and the strategic
(long-range risks) condition. Each new node in the development of the network
has the same frustration upon joining. This way, the network structure evolves
until it converges to the Nash equilibrium. For example, a link to a robust and
high-degree hub is energetically beneficial. Still, the network’s resilience with a
central hub appears to be a risk in strategic network building of living systems.
The cost of risk is realized by Darwinian selection. Adapting to the actual chal-
lenges could cause a fall, and the network with vulnerability is not viable in the
strategic line when the central hub is damaged, and the network falls apart.

The evolution of the network by adaptation to the environment is a complex
Nash equilibrium to maximize its payoff: the individual node strives to enforce
its multilayered interest, which combines self-interest and local possibilities with
group interests [50], harmonizing the short-range and long-range interactions in
the network.

The biological network develops to ensure the energetic balance. The ener-

getic conditions decide whether the given cell remains individual or joins the
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Figure 15. The network evolution game. The node (green arrow above) that intends to
join the network. The just arriving node (noted by arrow) has various possibilities to link.
(1) link to a vital hub. It is positive because the hub is “reach”, but negative. After all, it is
a vulnerable position. (2)-(3) Link to one of the independent subnetworks. It depends on
which gives a higher energy payoff. Connecting (3) to the network is an energetically
shallow connection, less advantageous than the option on the left, but the protection of
this network is better; if any central hub (red) becomes inoperable, the network remains
connected. (4) Link the two independent subsystems and connect them. The chosen posi-
tion is the weak link, which stabilizes the systems. This position has high betweenness and
again has a strategic role in decreasing the vulnerability of the whole structure.

network. The energy balance determines that the energy difference invested and
received by the cell is positive, i.e., the advantages outweigh the disadvantages,
and the cost is smaller than the payoffs. Cell networks, explicitly applying the
concept of Nash equilibrium, have some potential scenarios. Imagine genes act-
ing as players in a game, vying for limited resources like transcription factors to
express themselves. Each gene’s “strategy” could involve regulating its expres-
sion or manipulating the environment to favor its expression. Through natural
selection, gene networks might evolve towards a state where no gene can signifi-
cantly increase fitness by changing its strategy—a Nash equilibrium. Different
metabolic pathways within a cell could compete for resources like substrates and
enzymes. Their “strategies” might involve up- or down-regulating enzymes or
altering substrate utilization. Over time, the network might stabilize at a stage
where no pathway gains a significant advantage by deviating from its current
expression levels, reaching a Nash equilibrium-like state. Signaling pathways in-
volve complex interactions between proteins. Each protein’s “strategy” could
involve activating or inhibiting downstream targets. The network might evolve
towards a state where no protein can significantly alter its activity for increased
fitness, resembling a Nash equilibrium.

However, there are challenges to reaching equilibrium in cellular networks.
Assigning fitness values to genes, metabolic pathways, or proteins within a cell
network is challenging. It depends on the specific context and desired outcome
(e.g., cell survival, proliferation, differentiation). Cell networks are dynamic sys-
tems with constant fluctuations and feedback loops. Predicting how natural se-
lection will drive the network towards a specific Nash equilibrium is often tricky.
Depending on the initial conditions and environmental factors, the network

might reach different Nash equilibria. Identifying the relevant equilibrium for a
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particular biological context adds complexity. It’s important to consider that cell
networks might not always be in a steady-state Nash equilibrium. They might
exhibit dynamic equilibria or nonequilibrium behavior in response to changing
environments or internal perturbations.

The resulting network structure can be seen as an outcome of a strategic
game, where each node chooses its connections (strategies) to maximize its fit-
ness. Evolution drives selection towards equilibrium with strategies that lead to
more advantageous network positions (higher fitness), which are more likely to
survive and reproduce, passing on their genes and network preferences versus
time. The network can evolve through natural selection towards a state where no
individual node is incentivized to change its connections because deviating
would lead to lower fitness. This state resembles a Nash equilibrium. Overall, the
idea of life networks evolving toward Nash equilibria highlights the potential for
game theory to explain the emergence of cooperative and efficient structures in
biological systems. While challenges remain in modeling and verifying this con-
cept, it continues to be an active area of research with fascinating implications
for understanding the interplay between evolution and collective behavior in
living organisms.

The game with two actions to cooperate or defect well approaches the biolog-
ical interactions [90]. The relevance of such alternating games’ strategies is
sometimes more appropriate than synchronous games. [91]. The networking
process in biosystems depends not only on the global degree distribution; the
dynamic internal development is the primary driving force. While homeostasis
macro-drives the general operations, a compensation between the cost of main-
taining a connection and the obtained benefit by the chosen links explains the
evolution of the biological network. Typical physiological and molecular bal-
ances have been studied by Nash equilibrium, including the regulation of the
immune system and the regulation of metabolism [199].

A particular game theory (the hawk-dove game [200], chicken game [201], or
snow drift [202]) is a valuable tool for understanding the complex interplay be-
tween conflict and cooperation in various biological settings. It describes the in-
teraction between two players competing for a shared resource. Two basic strat-
egies are conflicted: the aggressive (hawk) and the peaceful (dove) strategies. A
hawk chooses to fight over the actual resource, even if it risks injury, while the
dove decides to share the resource or back down to avoid conflict. The payoffs
depend on the strategies in various conflict realization:

e In a hawk vs. hawk conflict, both may get injured and receive a low payoff
regarding the cost of fighting.

e In a hawk vs. dove conflict, the hawk wins the entire resource and receives a
high payoff, while the dove gets nothing.

e In a dove vs. dove conflict, both share the resource and receive a moderate
payoft.

The critical point of the hawk-dove game is that no single best strategy exists.
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While a hawk can always do better than a dove by exploiting its peaceful nature,
two hawks always do worse than two doves because of the cost of fighting. This
creates tension between individual gain and mutual benefit. It helps explain how
cooperation can evolve and persist even when individuals might benefit from
exploiting others. The hawk-dove game could be applied for physiologic res-
ponses to stress [203]; the hawk-dove game could be used for genetic develop-
ment. In genetic development, we could imagine two “strategies” competing
within an organism: the “hawk genes” promote rapid growth, resource acquisi-
tion, and potentially harm neighboring cells or tissues to gain an advantage,
while the “dove genes” prioritize cooperation, cell-to-cell communication, and
tissue development for the benefit of the whole organism. The hawk-hawk con-
flict in genes leads to uncontrolled growth, competition, and potentially organ
dysfunction or developmental defects (low payoff); in hawk-dove conflict, the
hawk genes might initially outcompete but later harm the overall development
due to tissue damage (mixed payoff); and in dove-dove competition, a balanced
growth, coordinated action, and healthy organ formation could be achieved
(high payoff). This later payoff differed from the original game when the
dove-dove conflict had given only a moderate payoff. In biological applications,
the cooperative attitude has the highest benefit. The games usually need mixed
strategies for stability. The opposition can easily recognize the fixed strategy and
open a way for contraction and win. In biology, the random mutations at the
genetic level ensure a mixed game for all, while homeostasis controls the bal-
ance. All models might be oversimplified, including the game theory and apply-
ing the hawk-dove game directly to genetic development. However, the core
concept of competing strategies and the importance of cooperation offer valua-
ble perspectives for understanding the complex interplay of genes and cellular
interactions that orchestrate the development of a healthy organism.

The biological networks evolve from cell generation to cell generation inside
the organism, forming an intrinsic self-time [3] while following the Darwinian
selection rules on a large timescale. All changes in the biological networks tend
to create local and global Nash equilibrium. The node in the network with N
nodes has to be evaluated by its positional condition, which means its links and
environmental specifications (degree, betweenness, centrality, hub behavior,
etc.). The network benefits from a node with a high degree of centrality. On the
other hand, the growing importance of the position also means resilience, which
could be lethal for the network integrity. Under the opposite driving forces, the
node will try to maximize its benefits and minimize its costs, but its environ-
mental nodes have the same strategy, opposing the node’s tendencies. The end
will be a win-win position when the further cost to reach additional benefit is
higher than the payoff of this action. In this state, the system is in dynamic equi-
librium.

The network joining could also be studied from the system’s point of view. A

benefit of the network is if the newly joined node occupies a strategic position of
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the central betweenness [204], which measures how often a node in a network is
on the shortest path between two other nodes. This state has a primary transport
role. However, (as a strategic game again), this position is critical for resilience
because its removal can significantly impact the network’s connectivity. The le-
thality correlates with removing the central protein in S. cerevisiae [205]. A tar-
geted attack on the high centrality nodes’ lethality due to the damage of the hub
positions was studied [206] [207]. The most common centrality metrics are de-
gree [206] and betweenness [208] [209]. It is possible to rank the nodes (gene
regulatory positions) by centrality metrics [210], which were experimentally stu-
died in protein arrangements, testing the robustness of a network [143]. Differ-
ent centrality metrics were proposed to describe the resilience of the living net-
works better [211] [212]. All the above considerations show the importance of
the betweenness positions, which could be a risk to the lethality if that has a cen-
tral betweenness position. Still, the newly joined node has a low probability of
developing such a state.

The game theory is applicable for network development instead of conven-
tional network parameters like the distributions and scaling of the distances. The
ultrasmall-worlds networks can be formed by the dynamic evolution driven by a
simple compensation rule. In the game approach, the nodes seek to improve
their positions (connections) to maximize their payoffs in the promoter-sup-
pressor opposition. When the invested effort exceeds the resulting advantages, a
balance is formed, a win-win situation of the promoter-suppressor “fights”. So,
this Nash equilibrium is reached when nodes in a network consider their target
to improve their centrality against the costs associated with forming and main-
taining connections. The network’s diameter does not depend on the network
size and seeks to be six in Nash equilibrium [187]. The networks, independent of
their initial structure, evolve into an ultrasmall world when nodes increase their
centrality by forming connections only if the cost is smaller than the obtained
benefit. Despite that, the participating individual nodes have limited information
about the network structure. They form small worlds [187]. The low degrees of
separation in the networks enter a new view of the complexity, considering the
importance of the participating units’ local and systemic connectivity and inter-
dependence. The living objects are ultra complex, having various subnetworks
on the different spatiotemporal structures, different bases of the interaction
links, and very different ranges from the short (like molecular networks) to the
medium (like tissues) to the large systemic (like physiological networks), but
most of these networks may be renormalized. The renormalized network de-
scribes the links between the networks, which are treated as unit nodes, and their
links form a new complex network in a self-organized, self-similar manner. This
renormalization allows the medical approaches to use the subnetworks as inde-
pendent units and so specialize the medicine on molecular specific (pathology,
immunology, etc.), organ-specific (like nephrology, pneumology, etc.), phy-

sio-specific (like neurology, orthopedics, gynecology, etc.) or person-specific
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(like dietology, psychology, etc.) or even group specific (like sociology, ecology,
etc.). Naturally, these subjects are deeply interconnected, forming the higher re-
normalization grouping of the investigation (like gastroenterology, cardiovascu-
lar phenomena, etc.), and the network of these significant subnetworks compos-
es the complete system governed by a particular complex and dynamical equili-

brium, the homeostasis in living objects, and the balanced society of their groups.

3. The Cancer

Cancer is one of the most feared diseases of humans [213]. Its prevalence rapidly
grows with age. Life and death are connected and assume each other. An irrepa-
rable malfunction of living processes leads to death, having the statistically ex-
pected lifetime. Cancer is one such situation when the living processes are in-
compatible with the energy and space requirements of developing malignant
tissue. Paradoxically, cancer cells have immortality as long as their energy supply
is ensured.

Various theories and hypotheses exist about the cause and origin of cancer,
from ancient medicine to a long line of new explanations. The advanced search
for an answer was started more than a century ago with virus concept [214]
[215]; the genetic clues were later favored [216] [217], and the mutation con-
cepts became popular [218] [219]. Recently, the immune dependences [220] and
connections with wound repair have been intensively researched [221] [222],
[223] [224] [225]. Despite the enormous efforts, the cause of cancer remains
open [226], with groups trying “fishing” for the clue [227]. Despite even partic-
ular quantum-physical explanations [228], the recent studies do not give a final
solution [229] [230]. More contemplations turn to the environmental, diet, and
habit origins of malignant diseases [231] [232] [233].

Most widely, cancer is believed to be an abnormal tissue triggered by a gene
mutation. However, the proto-oncogene and the oncogene appear not only in
cancerous cases [234] but with pregnancy [235], with embryogenesis [236] [237],
with the healing of wounds [238], and with the synthesis of growth factors [239].
Oncogenes show a great variety of anti-apoptotic functions, with the cells par-
ticipating in wound healing.

Cancer is a part of the evolutionary process. It is a self-organized structure
[240]. A longer time scale could cause a refreshing of the genetic pool, develop-
ing a mechanism of opposing selection of mutant alleles [11] and eliminating the
genome instability. Healthy homeostasis makes great efforts to avoid cancer. The
first few attempts to block the proliferation start intracellularly by controlling
the DNA replication. DNA replication is, of course, crucial for continuing the
standard cellular replacements of the individual. The natural challenge is the ex-
act copy of the complex DNA. The process has errors (mutations) that deviate
from the standard cellular structure of the individual. The primary task of ho-
meostasis in the first steps is to control the DNA replication and intracellular

processes. The control may fail for several reasons, including primary genetic
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aberration [241], mitochondrial dysfunction [242], or other intracellular hall-
marks of cancer [243]. An additional challenge is the extracellular factors such as
permanent uncontrolled stress (chemical, mechanical, etc.) [244], unhealed
wounds [245], inflammation [246], and the extracellular hallmarks of malig-
nancy [247]. The permanent proliferation could be stopped by natural apoptosis,

but this mechanism is missing, too [248].

3.1. Cancer Morphogenesis

Cancer disrupts the healthy morphogenesis [249]. The disruption appears in a
drastic change of tissue architecture, the aberrant signal pathways, and activating
embryonic signaling pathways to realize atavism. Malignant cells develop
through massive structural and functional developments when environmental
conditions make it possible. Subtle cellular and tissue behavior modifications
could be an early warning sign for malignant development. Morphogenesis
principles can be used to construct network models to simulate how cancer cells
interact and organize. The morphogenetic variation differs in the bulk tumor
and its boundary. The development of a plane lattice considered that there are
structural variations governed by changes in boundary conditions [250]. In this
way hypothesized, that the early stage mostly tries to drive toward normal
progress, and the late stage shows a volume-minimizing fractal growth with
characteristic dimensions, optimizing the maintenance of the volume constant
while increasing the edge length, which allows more reactive sites for further
developing [105].

The tumor development controls morphogenesis, so the ATP is the energizing
factor and the regulator of morphogenetic development [251]. The construction
of tumors and the malignant invasion could be regarded as losing morphogen
gradient control. While morphogenesis increases the complexity of the structure,
cancer could be considered as “reverse morphogenesis” when the topological
complexity decreases [252]. However, the reverse effect turns again into direct
morphogenesis; when the tumor is more extensive, its mechanical pressure is
higher than the host’s on average, and it has structural changes depending on the
part of the tumor.

In morphogenetic perspective cancer is a geometrical flaw, a disease of the
geometry [253], a defect pattern of a group of cells, which spatiotemporally dif-
fers from the healthy host [254]. Equivalently, cancer is a network disease, which
deviates from normal networking, which is connected to the morphogenic ar-
rangement.

Due to the self-organized self-similarity of living structures, the fractal geo-
metry is an appropriate tool to study the geometrical [255] [256] (or temporal
[72]) arrangement of the cells. The fractal geometry differs in healthy and can-
cerous tissues [257] [258], and even its change characterizes the tumor grade
[259] and specific structures of the cancer locations [260]. Fractal dimension

could also be a prognostic factor [261] and could indicate the therapeutic re-
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sponse [262] of a tumor, as well as be used for early diagnosis of malignant devi-
ations [263]. The subcellular fractal dimensions appear in chromosomal abnor-
malities [264], cytoskeleton [265], and microtubules [266]. Fractals may be used
to detect the vascular architecture of the tumor [267] [268]. The trend of fractal
evolution could be the opposite in the tissue and individual cells. The cancer
tissue emerges more and more segmented structure (sometimes like “cauliflow-
er” shape [243]) and the fractal dimension grows [269] the cancer cells are

structurally simplified developing a decreasing fractal dimension [270].

3.2. Cancer Networks

Network modeling could help to understand and attack the abnormal molecular
and cellular processes associated with cancer [271]. The analysis of the network
models yields information to describe cancer and follow their adaptation
processes [272] [273] [274]. The malignancy distorts the healthy cellular net-
work. The rules of the multicellular organization are broken in all tumorous
cancers independent of their locations in the body. Disorganizing the multicel-
lular structure is the modified genetic activity at the active boundary between
unicellular and multicellular areas, promoting primitive transcriptional pro-
grams [275]. In this sense, cancer is an organizing (networking) disease, where
the cells unleashed from their networks abandon the living advantages of collec-
tivism and individualism prevailing [86]. The change, however, is not free from
new organizing processes because this unicellular autonomy brings its require-
ments regarding environmental conditions for survival [276]; the cancer is af-
forded a friendly environment by the host, which tries to “heal” the abnormality,
strengthening with angiogenesis, injury current, and numerous other supports.
The breaking of healthy cellular networks forming its own is a general behavior
of all tumorous cancers independent of their locations in the living system, so
the study of tumorous networking applies to all tumors. Contrary to the ge-
nome-wide association studies [277] [278], instead of hundreds of involved po-
sitions, the gene regulatory networks are relatively simple; a few critical tran-
scription features can change the cellular state, as a genetic polymer model
shows [125]. The model system showed [125] that the binding of the transcrip-
tion factor to the transcription unit is reversible, having a role in reverse muta-
tion. The transcription factor is a weak link that switches between the active
binding site to the inactive, actually nonbinding state by a rate parameter.

We may categorize the cellular networks from rigid to plastic state [279]. Ri-
gid networks have hub-driven hierarchy and low network entropy, usually de-
scribed by the BA scale-free model. Rigid networks have only a few dominant
attractors to where the network converges. It is characteristic of late-stage tu-
mors. These networks are vulnerable to hub-distortion, so their therapy needs
“network influence drug design strategy” targeting their hubs and nodes in cen-
tral betweenness position [280]. Weak links dominate plastic networks, have

overlapping modules with regulation loops, many attractors and high network
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entropy. It is characteristic of early-stage tumors.

The gene regulatory networks are relatively simple. The computer simulation
of the chromosome polymer model shows the growing space correlation, allow-
ing stochastic transcriptions and forming complex small-world networks, where
one transcription affects many genes in the region [125]. Increasing transcrip-
tion units in sub-saturating levels significantly simplifies the network to a small
world. Small-world networks have been found to play a role in cancer develop-
ment and progression [281]. Studies have shown that small-world networks exist
in the tumor microenvironment and the environment surrounding a tumor tis-
sue. The tumor microenvironment (TME) comprises a variety of cells, including
cancer cells, immune cells, and stromal cells. This network structure allowed for
efficient communication and coordination between the different types of cells in
the TME [282]. The TME has highly correlated cellular interactions [283] and is
organized as a small-world network [284], a common feature of the TME in
various cancers, suggesting that small-world networks may play an essential role
in cancer development and progression. The small-world network structure of
the TME allows for efficient communication and coordination between the dif-
ferent types of cells, which can promote tumor growth and invasion. Cancer cells
can use small-world networks in the lymphatic and circulatory systems to travel
to other body parts and form new tumors forming metastases [285]. Cancer cells
can develop resistance to cancer drugs by communicating with each other
through small-world networks, making it challenging to complete the provided
oncotherapy. The robustness of the cancer signaling network is also supported
by small-world construction [286]. A broad spectrum of fundamental network
characteristics in embedded networks exists in biological systems [287], such as
transitions between scale-free to exponential degree distributions and large-
world to semi-ultrasmall-world [288] [289]. Cancer changes self-organizing and
develops its rules, structure, and transport system. Cancer is a disease of the
whole cellular network that supports the “renegade” conditions and allows the
metastatic processes [284]. Cellular “individualism” wins and replaces collectiv-
ism, while collective healthy acceptance supports it. The cancerous part of the
system parasitizes its healthy environment, using its sources for local individual
survival, contradicting the systemic demands.

Molecular networks dynamically respond to inner and outer influences and
tend to adapt to them. Six categories of networks based on the impacts from in-
ternal and external environments could be distinguished in Figure 16.

1) Genetic networks (as basic hardware at birth) are the basis of behavior,
which may significantly differ between individuals and may change by mutation,
which could develop cancer.

2) The genetic network primarily determines cellular network structures, but
morphogenesis and other developments connect these networks to the next, the
tissues. The cellular network drastically changes when cancer develops. Cells are

metabolically reprogrammed with cancer, and it changes their network, too.

DOI: 10.4236/0jbiphy.2024.142009

195 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009

A. Szasz, G. P. Szigeti

Dt

N
1V, .
® environmental Nt

Figure 16. The various levels of networks are embedded to each other and together their
crosstalk they are intensively interacting with the environment, which at the end of the
day may modify the complete structure.

3) Tissue networks where the collective dynamic processes determine the links
and nodes. This network is essential to understanding cancer tissue development
and its support with resources by healthy tissues.

4) The organ network makes mostly physiologic interactions and regulates the
internal conditions for all networks below. The physiologic transports and regu-
lation signals are reprogrammed when cancer develops.

5) The organism’s network regulates and controls the system’s homeostasis. In
a cancer situation, the homeostatic network is damaged and not able to perform
its standard regulation role. The complete support for cancer with available re-
sources dominates the processes.

6) External effects and signals provide nutrients and chemicals, forming gen-
eral environmental conditions for the organism.

The first three (genetic, cell, and tissue) networks are mainly affected by out-
side resources. From the point of view of cancer, network modeling could be
reduced to four network categories to follow the cancerous processes [290] and
use the organ and organism networks as a stable frame of the malignant devel-
opment. Even the four network categories could be reduced to three by self-or-
ganizing, regarding cancer as a disease of cell and tissue networks [291]. The
complexity of the topic is well mirrored in the different models that study cancer
development. Models may be centered on genetic start, on the inherited genome
instabilities, on some non-genotoxic effects, or may use evolutionary biological
considerations [292]. The angiogenetic network model for cancer tries to de-
scribe the cancerous process with the network of organism-regulated blood
support [293], which could also be formulated by tissue-driven electric interac-
tions [294].
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The regulatory networks have many commonalities from microbes to humans
[93]. The regulation of collaboration and cooperativity massively boosts the
democratic character with overall genomic complexity. The complex regulatory
effects tend to a partnership supporting the democratic structure, whereas others
regulate primarily in isolation, in a more autocratic fashion [94]. The degree of
collaboration forming autocracy in opposition to democratic behavior is a cha-
racteristic of the complexity of living systems. The game with two actions to
cooperate or defect well approaches the biological interactions [90]. The relev-
ance of the strategies of such alternating games is sometimes more appropriate
than synchronous games [91].

Mutated single genes rarely cause disease (including cancer). The perturba-
tions triggering disease affect the complex intra- and extracellular networks.
Network medicine may identify the disease modules and pathways, considering
molecular relationships between apparently separate phenotypes and systemi-
cally exploring the molecular network complexity of a particular disease [151].
The lethal genes are coupled to five-fold higher connectivity proteins than
non-lethal ones. The results emphasize the importance of the hub-focused at-
tack, which can disrupt 50% of the protein network integrity [295].

Various cancerous diseases have their molecular signaling network, which
may statistically correlate with the survival variation of different cancer types. In
the case of lung adenocarcinoma, the scale-free network is a case-specific small-
world [296]. The small-world maps describe the disordered topology of cancer
in different stages of its development. The forming small-world structures are
resilient to external attacks, which limits the effectiveness of pharmaceutical

therapeutic interventions for lung adenocarcinoma [280].

3.3. The Aging

Aging is a normal process of living objects. The self-organizing models for aging
could follow the essential functions and the crosstalk between aging and cancers
[297]. The methylation is a crucial addition to aging in the self-organization
model. The dysfunction of regulative and order parameters, including the im-
mune system, is identified during aging in the self-organized model, together
with the relation of aging and aging-related diseases like cancer [281]. Aging
modulates the cancer progression with angiogenesis and metabolic support
[298]. The transforming growth factor beta (TGFp) is a potent inhibitor of cell
proliferation and acts as a tumor suppressor; however, the aging downregulates
it in the host, allowing the malignant development. The idea that cancer results
from a single cell’s renegade behavior [299] must be corrected. When the cell
grows individually without support from the healthy environment, no prolifera-
tion and no metastasis can occur. Cancer is a collective disease of the whole cel-
lular network, breaking the multicellular coordination and intending to form a
monocellular structure with the intensive support of the healthy host and allow-
ing the metastatic processes [300]. The cellular “individualism” replaces collec-

tivism, restructuring the communication network between the cells. These ob-
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servations prove that the malignant processes are age-dependent, and according
to the epidemiological data, they are also environment-determined [301].

A very extended study of data mining of aging and DNA methylation
(DNAm) shows that DNAm can be used as an epigenetic clock, has no strong
correlation with aging, but nonlinearly changes by age: it is accelerated in young
ages until adulthood, and remains approximately constant later. In contrast,
cancer tissues have severe age acceleration again [302]. It is essential to add that
the homeostatic capacity (regulation and control) decreases with aging [303].
However, this phenomenon is also not linear; the degree and pattern of popula-
tion heterogeneity may deliver new information that the statistical variance
(ANOVA) evaluation does not indicate. The growth of a tumor depends on the
supply of nutrients by blood flow via a vascular network. Interestingly, the new
angiogenetic vessels in cancer and the healthy network do not increase the flow
efficacy [285]. The seeming contradiction is similar to the traffic networks of
roads described by the Braess paradox [304], describing that adding one or more
routes to a road network can slow overall traffic flow. The traffic of the complete
network with the added road(s) will reduce overall performance to reach the
Nash equilibrium. Having linear latency, the added new edge to the transport
network worsens the transport time <4/3 [305]. The same conditions happen
when the angiogenesis adds a new blood-transport route by angiogenesis to the
healthy network. However, at the same time, aging reduces the weak links [306],
which means that, in the case of the vascular networks, some weak link routes
disappear, working against the angiogenetic vessel addition. The weak links are
gradually decreased by aging and cancer in a cellular network, too, where their
disappearance increases the vulnerability of the cellular networks.

The tumor morphology changes by the random decrease of adhesion between
the cancer cells [307], as it was experimentally observed in the E-cadherin/
pf-catenin complexes [109] [110]. Supposing that the adhesion distribution of the
tumor cells is Gaussian with a o standard deviation The growth exponent and
the surface roughness fractal dimension grow by o having ~1.2 and ~2 satura-
tion value, respectively [307], well corresponding to the relationship between the

fractal dimension (D) and power law index (a) [308], showing a slope s= S—a

This indicates that the cellular adhesion is one of the critical factors of transition

to cancer cell.

3.4. Does the Tumor Have Atavistic Features,
Or Is Ita New Organ?

The growth of tissues is a usual process in living objects. Allometric considera-
tions can distinguish between healthy and cancerous growth [255]. Healthy ho-
meostasis struggles to control the malignancy. The natural apoptosis that could
stop permanent proliferation is missing [248]. In this aspect, the cancerous pro-
liferations and the growth of the bacterial colony have a lot in common [309]. At

the start of developing tumors, the cancer cells gradually become autonomic,
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break the connections, and individually fight for survival and energy for rapid
proliferation. The malignant development commonly avoids healthy homeostat-
ic regulation, “defrauding” the controls for their intensive, unhealthy prolifera-
tion. The cancerous lesions develop the strength to proliferate as intensively as
possible, ignoring the host tissue’s healthy regulations and collectivity. Cancer
attacks the multicellularity, and seemingly steps back to the unicellular devel-
opment, producing atavism.

Cancer development is seemingly like atavism [310] [311], but the support for
its development differs. In the beginning, when the intercellular bonds weaken,
the network starts to fall apart, and the quasi-independent cells try to adapt to
the new condition. The uncontrolled growth of cancer has a unique behavior at
the beginning, the malignant cells individually develop and refuse the healthy
network connections. This denial of multicellular collectivity is like the unicellu-
lar development in the earlier development stages of life. This stage of cancer
development is atavistic [310] and has a lot in common with bacteria and with
the wide range of unicellular developments [309]; having self-ruled cellular be-
havior denies cooperativity. All malignant cells individually fight for energy in
this stage. The unicellular individualism develops enormous potential for
adaptability to environmental changes and makes these cells more vigorous than
those in the multicellular network. However, the difference from bacterial ata-
vism is noticeable. The bacteria, the atavistic unicellular system, has passive dif-
fusional and mechanical availability of resources from the environment, while
the starting cancer cells enjoy the available blood transport system. The funda-
mental similarity to atavism is its first strictly unicellular steps, where the malig-
nant cells independently fight for their survival, the sense that the malignant
cells act like self-ruled unicellular organisms. Soon, the cancer development
builds up a new strategy.

The atavism-like process at the beginning of tumor growth in general, with
the loss of cellular connections and the alteration of intracellular genetic struc-
tures. The unicellular individualism develops the excellent potential for adapta-
bility to environmental changes and makes these cells more vigorously viable
than those in the multicellular network. Disorganizing the multicellular struc-
ture is the modified genetic activity at the active boundary between unicellular
and multicellular areas, promoting primitive transcriptional programs [275].
The healthy host supports cancer development [310], while the growth of cancer
dismantles the multicellularity [312], and the cellular collectivity gradually dis-
appears [313]. The malignancy in this general meaning is a distortion of the
healthy cellular network, the multicellular organization is broken. The atavistic
model could be used as a starting point, but this model does not consider all the
crucial details (hallmarks) that keep the single-celled units of cancer develop-
ment alive [314]. In this sense, cancer is an organizing (networking) disease,
where the cells unleashed from their networks abandon the living advantages of

collectivism and individualism prevailing. [86].
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Cancer development is supported actively by from the surrounding host tis-
sue. It builds up new structures in themselves [255]. Cancer cells self-organize
various networks in their different development stages to survive collectively,
evading homeostatic control. The rearranged cancer networks have cooperative
links at first bilaterally and later generally with the host cells (reverse Warburg
effect [315] [316]). The development evolves a form of new organizing because
the unicellular autonomy brings its requirements regarding environmental con-
ditions for survival [276], which needs multicellular cooperation. The cancer is
afforded a friendly environment by the host, which tries to “heal the wound”,
strengthening the tumor with angiogenesis, injury current, and numerous other
supports.

The newly developed tumor growth is angiogenesis-dependent [317] [318].
The growing tumor, within its subsequent evolution and adaptation to the
changed conditions, starts to behave as an organ, having peculiar functions (the
growth intensively supported by the entire body, including the cellular, the or-
gans, and the physiologic networks. The cancer behaves as a regular organ [319]
with substantial energy consumption and low efficacy. It has a unique feature
that no other organ has: the metastases delivered by the lymph and blood trans-
port, like hormones, immune cells, and other essential parts involved in circula-
tion. The metastatic behavior is also organ-like [320], keeping the original
structure of the cancer in other metastatic tissue conditions [240].

Due to the complexity of cancer, the tumor growth dynamics can have a spa-
tio-temporal 3D computational model of the development of a cancerous tumor
together with its environment [321]. The model describes the tumor as an organ
having intensive and coordinated interactions with the environment of tissues
and through physiologic control with other organs. A solid tumor is not a set of
clones of a “renegade” cell, but it is an abnormal organ, having heterogenous
cellular composition and extracellular matrix like other organs [322]. The mod-
eling of this is not simple. Some cancer development characteristics look like a
developing organ, while others are realizing tissue remodeling. Some microen-
vironments, particularly those associated with tissue injury, favor the progres-
sion of mutant cells, while others restrict it. Cancer cells can also instruct sur-
rounding tissues to undergo changes that promote malignancy. Understanding
the complex ways cancer cells interact with their surroundings, both locally in
the tumor organ and systemically in the body, has implications for effective
cancer prevention and therapy.

The increased size of the cluster of cooperating cancer cells increases the
complexity of the structure, proliferates more effectively, and can share re-
sources. Cancer cells may affect the hormone system by cancer-derived media-
tors (biogenic amines, neurotransmitters, neurohormones, cytokines, immune
mediators, etc.), and with these can stimulate the neuroendocrine centers reset-
ting the homeostasis [323], setting the body to favor the cancer proliferation.
Numerous changes create a new homeostasis (accepting the tumor as an ener-

gy-demanding organ), which helps the tumor grow Figure 17.
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Figure 17. The physiologic changes reshape homeostatic control. The charge (injury cur-
rent), liquid (blood and lymph) transport, and immune inhibition set a condition to reset
homeostasis. The consequences are the dissemination of the malignant cells, a particular
hormone production, increased diffusional possibilities, and lowered pH. Note that the
retuning of the body equilibrium supports the tumor-organs hypothesis and does not fit
the atavistic explanations.

The changes in the cellular system in the process of tumor growth have mor-
phological differences which have crosstalk with many fundamental processes of
living matter [324] Figure 18. The healthy networking is a complex multicellular
network with numerous negative feedback regulations having intensive intercel-
lular interactions in long-range order. The standard cellular network does not
allow cellular migration except for those cells that are involved in immune sur-
veillance. The transport delivers enough energy for standard dynamic equili-
brium, which has high energy efficacy to use it. In the first phase of tumor de-
velopment, the multicellular network falls apart in the cancer location, and the
cells compete for new cell production. Here, there is no feedback regulation (ex-
cept the available nutrients), no complexity, and no intercellular connections
disordered, and it is easy for cells to migrate. The developed cancer has highly
complex interconnected networks and extreme genetic [325] and tumor [326]
cell network heterogeneity. Genetic and tumor heterogeneities are the principal
reasons for the therapeutic failures and even the growing likelihood of resistance
to subsequent therapies. The diverse genetic and cell populations do not equally
react to the applied treatments; those may select the resistive cells on the toxic
stress. So, the applied therapy selects the resistive tumor cells and blocks the
possibility of successful therapies. These resistive cells have more facility to avoid
apoptosis in otherwise collected random mutational states, and due to their
“trained” adaptation, they form more effective distant metastases in different
tissues. This critical phenomenon could be bypassed with such therapies to
which all diverse cells are sensitive. For this, the synergy of thermal and non-
thermal effects of the nonionizing radiation appears as an optimal candidate
(327].
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Figure 18. The differences between (a) unicellular living clusters, (b) healthy organized
clusters, and (c) malignant clusters of cells. Clearly, the atavistic approach is only formal;
the interactions and the organizing of the systems are different.

3.5. Cancer Prevalence

A power function of cancer incidence by the duration of exposure to the car-
cinogen was observed first in vivo in rodents [57]. The observed power value
was 4-6, independently of the body size of mice. Human epidemiological sta-
tistics support this power law [328] [329] [330], which determines the cancer

prevalence by ages:
(prevalence) oc (age)‘9 (5)

where 9~6-7, depending on the tumor location and the environmental con-
ditions, and looks valid between the ages of 25 and 74]. This power law means
that 3~6-7 subsequent independent mutations must be collected to the
clinically diagnosed cancer [331] [332]. The starting malignant cell goes through
many stages with independent triggering to produce clinical observations [333].
A single “renegade” cell, as the starting point of cancer, has to be modified.
Cancer development has essential complexity [334] that harmonizes with the
multistep subsequent series of changes, which, in the end, manifests as a malig-

nant tumor. Six subsequent mutations give the sixth power of age in the cancer
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observation. Another explanation was developed earlier [335]; oppositely to the
unicellular mutations, a collection of six genetically altered cells would be a clus-
ter, which results in a stable tumor. This clustering supposes exchange of some
kind of networking information between the clustered cells, which is not the case
at the beginning of cancer development; the cells follow unicellular life without a
collective driving force. Even oppositely, these cells fight with each other for the
available energy. The individualism and separation of the cells in starting malig-
nancy points to the cumulative mutations that finally develop cancer, which
must be intracellular at the beginning of the malignant process. The competitive
evolution of the cell structure drives another possible mechanism causing the
power law. The most viable cell wins. It is transformed and adapted completely
to break the multicellular networking and develop individually malignantly
[336].

The observed epidemiologic power function (5) practically means that a per-
son collects a definite number of mutations for having cancer symptoms. The
explanation of this observation may use network research. The complexity of
biosystems is significantly more multifaceted than other networks because the
connections depend on local (like molecular, electric, structural, etc.) and global
(physiologic regulation, including the material and information transports, ad-
justment to the permanently changing environmental conditions. All connec-
tions evaluate the interaction balance governed by the negative feedback signals.

The primary consideration for the power function of the cancer prevalence by
age is the multistage cancer induction [337], where the distinct changes are he-
ritable to the next stage, and their cumulative effect alters the normal cell to ma-
lignant. The bad luck in a single cell develops a proliferative malignant clone.
The development of the subsequent steps to proliferate malignancy depends on
multiple factors, including the dose of a carcinogenic load and the early history
of the mutations, like ex-smokers predisposition to lung cancer [338]. Genetic
instability, the single base change, or chromosomal instability may accelerate the
malignant processes [339].

Note that the cancer observation, registered in the epidemiology statistics,
gives information only about the diagnosed and registered tumors. This means
that the last stage of the sixth degree of prevalence is the appearance of the can-
cer symptoms. Cancer symptoms occur in a significant portion of (~ 40%) of
the lifetime of total human [340]. Still nonsymptomatic malignancy is observed
in autopsies [341], and in ages 50+ probably everybody has some malignant
neoplasms [342]. Mutations and genetic instability can already be present at
birth [343], so cancer is a natural consequence of aging [344]. The power func-
tion may be modified in older ages when the dynamism of the cancer fission is
limited. In human colorectal cancer, the power function is replaced by a linear
function from the age of 60 - 65 [345], which predicts a lower incidence power.
However, a single mutation could also be enough to trigger the malignancy.

A statistical model describes the power law with two independent (nonlocal)

time parameters as the first manifestation of the malignant cell and the growth
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time of the detectable tumor, supposing their normal distribution [346]. The
model described the power-law function well until the age of ~70, from where
the hazard function decreases, corresponding to slower cellular development
and the average human lifespan. The stochastic complexity challenges the de-
terministic statistical description of this model. The complexity of the dynamic
interaction represents a feedback regulation of the system at every level of its
structure. The complex system is not a sum of its distinct parts. The whole is
more than the sum of the elements; the interactions are primarily non-linear; the
system is energetically open and has adaptive exchanges with its environment.
The approach to describing it must be analytic and not synthetic. Considerations
regarding the complexity create considerable challenges in making the calcula-
tions. The attempted solution typically synthesizes the parts that could be calcu-
lated. However, this calculation strategy needs to be revised. The analysis must
consider the complexity. Various models were elaborated for the human life-
span, and no one could be chosen as better than others to describe reality [347].
Many of these have no distinction between the development of malignant and
benign tumors and do not consider the possibility of cell repair and the action of
the immune system [348]. The stochastic processes in an individual and the dif-
ferences between the individuals have to be considered for accurate description.

The observations prove that the malignant processes are general, and their
symptom appearance is age and environment-dependent [301]. Consequently,
the cancer prevalence in epidemiologic data is not equivalent to the cancer de-
velopment. The collected number of steps to develop cancer differs from the ep-
idemiologic morbidity data. The earlier statistics investigated mortality data.
Studying the age-specific mortality rates of different types of cancer [349] ob-
served a better fit to the power-law function when the carcinogenic influences do
not change during a human lifetime, while the variation of the strength of car-
cinogenic exposures may cause the deviation of the mortality rates from the ex-
pected function. By the time most cancers are medically manageable with vari-
ous successes, modifying the mortality differing from the incidence (morbidity)
of malignancy. Due to the trend variation between mortality and morbidity, the
researchers narrowed their investigation scope to examine the cancer incidence
rate. The six steps to cancer prevalence include the manifestation of clinical
symptoms. Indeed, the transformation of the network forms and the connected
interactions is a process that develops the symptoms and the clinically diagnosed
form of the cancer step-by-step. The cancer development has subsequent steps
that cause a power function of survival vs. age.

The biochemistry of cancer research focuses on the molecular processes of the
internal driving force of cancer development [350], showing the random occur-
rence of malignant processes. The question appears to be whether environmen-
tal (circumstances, inherited features, aptitudes) or random (“bad luck”)
processes have a pivotal role in malignancy. A significant occurrence of cancer
(~70%) is a consequence of random errors throughout DNA replication of
healthy stem cells, which is an unpreventable “bad luck” developing malignancy
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[351]. The internal processes are strongly correlated with external influence. The
living systems are energetically inseparable from their environment, so the syn-
ergy of the extrinsic and intrinsic factors is considered in cancer causes [352].
The inherent risk factors contribute to cancer development moderately (less
than ~10% - 30% of lifetime risk), so extrinsic, environmental influences heavily
affect the familiarly inherent effects [353]. According to our current knowledge,
there can be many reasons for developing a malignant tumor, which in conse-
quence changes multiple processes in the body Figure 19. These can be initially
inherited by birth, can be environmental, aptitudes, or can be preventable causes
by person, which are primarily connected to the lifestyle of the individual.

The standard, healthy cells are under the control of others (“social” signaling
[354], a collective action). The cancer cells are different: they grow without con-
trol, their energy and material exchange are limited only by availability, and they
are not affected by any regular control. Cancer has its growth factor and is not
sensitive to growth inhibitors; it could avoid apoptosis and has unlimited repli-
cation potential with enhanced angiogenetic and dissemination (invasive) po-
tential, too. They are autonomic instead of collective [completing structure];

they have a competitive driving force to survive among the shrinking sources of

Circumstances, aptitudes Individually preventable

Inherited from Vitamin deficit, smoking, inactive lifestyle, obesity,
family histor Genetic | [ Oxidative . drug addiction, mineral deficit, intensive stress,
y y mutation| | stress Age || Toxicities probiotic deficit, alcohol consumption,

psychosomatic load, inappropriate diet, etc.
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[ Proteotoxic stress DNA damage stress ]
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[ Mitotic stress
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[ Reprogrammed metabolism [ Sustained angiogenesis ]
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Evading immune surveillance
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deficiency, diabetes, therapy adverse effects, etc.

Figure 19. Some cancer-causing occurrences for humans. These are possibilities. All have a nonzero probability of cancer
but are not sure to develop a malignancy. Having multiple factors rapidly increases the likelihood of cancerous diseases.
The consequences modify the homeostatic control and introduce particular, only spite typical “hallmarks,” which interact
with the tumor and each other. The clinical symptoms of comorbidities, which can be a causing factor for cancer, are ma-
nageable, without cancerous symptoms.
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the diminishing availability of survival. The cancer develops through five inte-
racting stages until became the epidemiologically observed 6™ symptomatic Fig-
ure 20 [355] [356].

3.6. The Cancer Game

Cancer is an evolutionary disease. Cells unicellularly adapt to the tissue envi-
ronment; they thrive and individually fight for survival at the start of the tumor
development. The Darwinian game with random mutations may describe the
development of cancer.

There is a view that cancer in each population has the same role as apoptosis
in the cellular structure. The part of both proceeds an altruistic suicide. Cells de-
stroy themselves at the cellular level when damaged or pose a hazard to the net-
work. Cancer is also a self-destruction of the individuals who carry dangerous
mutations and so shows a threat to the genetic instability of the population
[357]. This hypothesis argues that apoptosis is not a protection against neop-
lasms but a part of self-defense against genome instability. This attractive logic
based on Darwinian natural selection has an evolutional contradiction. Cancer
(the body’s self-defensive action) massively appears in the population who are
over the age, a replication of the dangerous genetic instability to the next genera-
tion. Another problem is that asymptomatic cancer development appears in
most individuals during their lives, but despite its genetic instability, it does not

present danger to their lives.
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Figure 20. The steps developing cancer. All stages are interconnected

with all others, the processes are driven in one direction, but they are
not one directional.
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The biochemical adaptation depends on the topology of the structure and the
crosstalk of the nodes of the chemical reaction network. The mathematical mod-
els of evolutionary game theory could describe development and adaptation,
considering non-linear interactions and newly appear traits in a population
[358]. The genotypical and phenotypical extreme heterogeneity and the tumor in
its elevated form significantly vary the type of cancer cell types. The interactions
between the tumor cells and between the tumor and stoma cells may vary in
competitive and cooperative game strategies. Tumour cells have different capa-
bilities to cooperate, so a single cell does not have all the hallmarks of malignan-
cy. The observed hallmarks are represented by an interacting group of cells
[275], which could be used in the calculated cost of glycolysis [359] or described
as predator-prey dynamics of fitness [360] generation.

The evolutional game theory (eG7) fits better for the dynamic complexity of
cancer development than the classical version (c cap G cap T). G cap T centered
on strategies instead of the game’s players dynamically producing the payoff.
While the ¢GT concentrates on winners in diverse conditions, static population,
eGT is less varied, and the survivors with dynamic population are in the centre.
The eGT examines such interactions where one’s fitness depends on not only
one’s traits, but also the traits of others [361]. The hawk-dove game fits most to
the intratumoral heterogeneity of cancer and its development, forming an evolu-
tionarily stable strategy, a symmetric Nash equilibrium [362].

When tumors outgrow their available resources by transport from the healthy
host, they reprogram their metabolic activity using energetically less efficient
glycolysis (Warburg effect). The glycolysis may increase the fitness of the cancer
cells due to the advantage of their development, with quick and large ATP pro-
duction and producing an acidic environment that is toxic for healthy hosts
[363]. The situation is a typical classical model game called prisoner’s dilemma
[364], highlighting the tension betweenindividual rationalityandcollective bene-
fit. Themetabolic payoffs would be higher for cells to cooperate. Still, neither the
tumor nor the healthy cells prepared for unilateral change, so their metabolic
strategy leads the cell population to commit evolutionary suicide. A complete
understanding of cooperation among the cells of a tumor requires methods and
concepts from evolutionary game theory [365]. Cancer development has distin-
guishable stages, which use various games by highly adaptable cancer cells for
survival [356] Figure 21. All stages have the origin of Darwinian selection. In
evolutionary game theory, payoff corresponds to Darwinian fitness. The players
of the game, the cancer cells or stromal cells have strategies appearing in the
phenotypes. Natural selection optimizes the game, which has a mixed gaming
strategy over time by random mutations seeking to the highest fitness.

Random genetic mutations are unavoidable facts of cancer biology. They are
mostly unfavorable because there are considerably more ways to damage than
improve the genome. Within a neoplasm, a mosaic of mutant cells competes for

space and resources and evades predation by the immune system. The presence
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of clonal competition highlights the fundamental problems of neoplastic pro-
gression and problems of evolutionary biology [366].

The standard model of carcinogenesis usually applies a linear configuration of
the development. The Darwinian selection model needs to consider non-linear
dynamics, which studies the cellular genetic instability in the frame of the com-
petition of genetic strategies [301]. We know that some mutations are inherited
and indicate a risk of cancer connected to the mutated genes [367]. Some muta-
tions develop de novo and are inherited in the next cellular generation. The tu-
mor develops genetically in subsequent cell populations, not in a single cell. The
cellular division replicates some epigenetic information with DNA methylation
[368]. The cancer cells also have epigenetic mutations [369]. Inheritance has a
crucial role in cancer development between the newborn generations and be-
tween the cells by division in a system.

The promoter-suppressor balancing effects appear in cancer development,
too, having two balancing genes, the caretakers, which control the integrity of
the genome, and gatekeeper genes, which regulate the functional growth rate,
balancing between the proto-oncogenes, and tumor suppressor genes [370]. The
mutations in caretaker genes can mutate gatekeeper genes, and the process fol-
lows the Darwinian selection [371] [372]. The environmental stress and complex
interactions induce point mutations, which are believed to be adaptive, and am-
plification promotes genetic changes to enhance survival [373]. This interpreta-
tion does not describe the complete situation [374]. The challenge is that the

random mutations can be disadvantageous with high probability and adaptively
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advantageous only with low likelihood. Statistically, a random mutation is an
unfavorable bet. Contrary to their genetic instability, the cancer cells have a fast-
er replication rate than the healthy cells. With simple logic, genetic instability
causes a high growth rate. Nevertheless, genetic instability should be expected
not only to be dangerous but also to be a part of evolution [375] [376].

Occasionally, a random mutation may modify a gatekeeper, which increases
the growth rate. However, more mutations in the same cell induce cellular
breakdown with a high probability. The replication of DNA is not perfect, mod-
ifying some sequences in the genome. Due to the compensatory dynamics (re-
version), all stresses develop their reverse reactions, and even cancer therapies
induce cancer by the reversing mechanisms [377]. Compensatory mutations
benefit fitness when a deleterious mutation is present, but it does not block the
vital processes. The selection pressure may favor mutants resistant to the exter-
nal cytotoxic effects [378].

Genes synthesize their sequences autocatalytically, individually (“selfish” way
[89]), and the cells containing them compete for resources. The cell’s selection is
based on its mutated gene.

The cancer cells have extended adaptability to external conditions. They are
not protected against environmental mutagenic attacks. Resisting and correcting
errors takes time and energy, while ignoring those attacks, which are not lethal,
has no cost. Consequently, errors (mutations) may be collected; the process de-
pends on the frequency of the attacks, so the development is time-dependent
[301]. The accumulating mutagenic defects need increasing energy to repair, so
ignoring those has an advantage when they do not affect the cell’s vitality [379].
The genetic instability in mutagenic environments develops because DNA repair
requests too much energy [374]. Behindhand DNA repair in normal, nonmuta-
genic conditions also has an unbalanced payoff-cost game. The cost of DNA re-
pair is primarily independent of the genetic location, but the cost of ignoring the
error depends on its sensitivity; a slight change in the nucleotide chain has a
wide range of minor to severe consequences [374]. The balance of cost/payoff
preserving genetic stability is asymmetric and depends on the errors’ type, oc-
currence frequency, and replication rate [301]. The chromosomal instability in-
itiates the carcinogenesis [380]. In this way, carcinogenesis is based on molecular
evolution in the Darwinian non-linear way. It unites the genetic and environ-
mental influences in cancer development [379]. Carcinogenesis is based on DNA
mutations. The selection of the already present mutated cells in the population
of the multicellular organisms may be interpreted on the similar evolution at the
population level of species, driven by the Darwinian law. The prevention of the
development of mutated cells (cancer) is more complex than averting exposure
to mutagens from the environment throughout the organism’s lifetime. The al-
ready present mutations in the cellular population of the healthy organism can
be selected by time during life when these cells have a survival advantage in the

actual environmental circumstances. This interaction is non-linear, and the sim-
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ple statistical variance concept does not describe the process well.

3.7. Cancer Treatment Considering Complexity

The overall surveillance of the conditions for homeostatic balance and equili-
brium is the immune system. Interpreting immune activity within the frame-
work of a predator-prey game offers a compelling and insightful perspective.
The immune system acts as a predator by detecting and attacking pathogens or
parasites that invade the host organism. However, the immune system and pa-
thogens may undergo reciprocal adaptations like the coevolutionary arms race
between traditional predators and prey. Pathogens evolve mechanisms to evade
immune detection, while the immune system evolves to recognize and eliminate
them. The immune system’s actions help regulate the population of pathogens
within the host. An effective immune response can control and limit the growth
of pathogens, preventing them from overwhelming the host. Like the preda-
tor-prey balance in ecological systems, a well-regulated immune response con-
tributes to the homeostasis of the host organism. Then, the fine-tuned balance of
the immune system is a part of homeostasis: the overly aggressive immune re-
sponse can lead to autoimmune diseases, while a weak response may allow pa-
thogens to proliferate. A diverse immune system capable of recognizing a variety
of pathogens contributes to the overall biodiversity of the host organism. The
interaction between the immune system and pathogens imposes selective pres-
sures on both parties. This process can lead to the evolution of more robust im-
mune systems and more sophisticated evasion mechanisms in pathogens. How-
ever, investing resources in strong immunity is costly and creates a trade-off:
stronger immunity might improve survival against predators but decrease re-
sources for other life processes, impacting population dynamics.

The malignant cells may hide their behavior from immune surveillance. The
malignant cells develop robust adaptability even to aggressive environmental
conditions and the attack of natural immune actions. In the case of a developed
malignancy, even robust natural immune procedures alone are ineffectual. The
definite difficulty is that the malignant character of the tumor cells is hidden,
and the immune cells cannot recognize these cells as a “disease”; the innate im-
mune attack and the adaptive immune reaction are absent. The tumor disrupts
the standard immune surveillance feedback at all points of its activity Figure 22.

Together with the tumor as organ concept another similar model of cancer
states was developed: the tumor is a wound that has never healed [221], turning
into a chronic injury [381]. The immune system does not affect the tumor as an
organ (like it does not impact other healthy ones) and does not affect the wound;
instead, it helps both. After an extended period, the inflammatory wound theory
is emerging again [382]. The malignant tumor mimics a wound, stimulating the
host tissue to support its “healing” [383], avoiding this “trick” attack by the
host’s Contrary the inflammatory immune cells in tumor, no immune attack de-
stroys the developing tumor [384] because the cancer cell adapts to evade im-

mune surveillance immune surveillance [385].
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Figure 22. Malignancy evades immune surveillance. The standard immune control is di-
verted in all its steps, causing tumor evasion.

The malignant cells may hide their behavior from immune surveillance. The
malignant cells develop robust adaptability even to aggressive environmental
conditions and the attack of natural immune actions. In the case of a developed
malignancy, even robust natural immune procedures alone are ineffectual. The
definite difficulty is that the malignant character of the tumor cells is hidden,
and the immune cells cannot recognize these cells as a “disease”; the innate im-
mune attack and the adaptive immune reaction are absent. The supporting be-
havior of the host, which keeps cancer alive, forms a newer form of networking.

Cancer has a strong side: its proliferation takes energy away from healthy host
tissue, and the entire body will later suffer from insufficient energy. The strength
of malignancy is the proliferation, and all malignant features are subordinated to
this process. However, cancer has a weakness, which could be the point of attack:
the cancer cells are individual (selfish). In the beginning, it destroys the healthy
network around it, and in later stages, cancer also develops a network that differs
from the healthy structures. The network of the malignant cells is out of system-
ic control; their collectivity is the common summary of the individual demands
to use energy as much as possible for the cellular division, irrespective of the ef-
ficacy of the utilization. The cellular networks in cancer are deregulated; we
must attack the weak side of cancer [386]; the missing or the changed network-
ing may give crucial weaponry to the fight against it. The fight must support the
natural homeostatic balance Figure 23. The fight has to consider the intercon-
nected networks [271] and the non-linear behavior of the processes [387]. The
hybrid models that combine different modeling approaches could be the way
forward in the fight against cancer.
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Figure 23. Treatments of clinically symptomatic tumors. (a) The therapy affects not only
the tumor cells but also interacts with homeostasis, which works against the therapy and
selects resistant cells to survive. (b) The efficient treatment must strengthen the natural
homeostatic loops supporting the standard clearance of the malignant cells.

Based on the weakness of tumorous growth, a selective targeting of cancer
cells with immuno-effective consequences could be applied. It is performed with
a synergy of thermal and nonthermal effects, which are not ionizing and not
chemical in origin, so it can bypass the complications associated with tumor-cell
adaptation. The targeted tissue’s natural electric and thermal heterogeneity is
used to find the cancer cells selectively. The 13.56 MHz nonionizing electric field
selects the tumor [388]. The applied 1/fmodulation [389] [390] realizes a mixed
game strategy with randomly appeared frequency in the distribution of the 1/f
noise. Adapting this situation is possible only when the malignant structure con-
strained to have healthy interactions which has the same 1/fsignal. Under the
modulation compulsion the cellular connections could be restored [109] [110]
forcing the malignant structure to follow the healthy networking strategy. The
homeostatic self-similarity [59] and the dynamism with the self-time [3] re-
paired. The 1/fsignal fluctuation characterizes the healthy homeostatic signal
distribution. The deviation from it, could be a sign of unhealthy processes [193].

The amplitude-modulated radiofrequency by 1/f frequency distribution is
dominantly absorbed by the transmembrane proteins of the malignant cells
[391]. Exciting the TRAIL-FAS-FADD complex, the targeted cells are destroyed
by immunogenic cell death [392], producing extracellular damage-associated
molecular pattern (DAMP) (HSP70, HMGBI1, ATP, and calreticulin). The libe-
rated molecules help the antitumor antigen presentation and priming killer and
helper T-cells, which actively attack the cancer cells in the entire body (abscopal
effect) Figure 24. The synergy of the thermal and nonthermal effects strengthens
the immune surveillance against the malignant cells in all over the body [393].

Preclinical studies proved the selection in vitro [388] and in vivo [394] and
verified the development of DAMP [395], immunogenic [396], and abscopal ef-
fect [397]. Clinical studies validate the method [327]. A Phase III study showed a
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significant elongation of the survival time of patients with advanced cervix can-
cer [398], with improved quality of life [399] [400], and abscopal effect [401].
Numerous Phase II clinical trials show the same significant improvements for
pancreas, glioblastoma, and lung cancer [402]. Other studies and case reports
support the success of complementary applications with immune checkpoint in-
hibitors [403] and supportive therapy [324] [404] and were investigated in
stand-alone therapy in a palliative setting [405].

4. Conclusions

Biological regulation is realized by a system of homeostasis, which regulates and
controls the balance of the various processes. The system’s complexity appears in
its energetics, which tries the most efficient use of the available energies; for that,
it organizes various well-connected networks. All processes are interconnected
in networks, having decisional influence by the environmental conditions and
the nurture. Homeostasis may be described as a Nash equilibrium, which en-
sures the distribution of the energy in a “democratic” way regarding the func-
tions of the parts in the complete system. The game seeks to Nash equilibrium.
The strategy of the game merges the self-interest (own payoff), collective interest
(group payoff), and local rivalry of interest (payoff variations).

Cancer radically changes the network system in the organism, making it a
network disease. Network changes appear at every level, from genetic (molecu-
lar) to cells, tissues, organs, and organisms. Aging increases the likelihood of
cancer. Epidemiologic statistics show that multiple steps (collected mutations)
are necessary for the prevalence of cancer. These steps could be modeled with
games and network changes.

The fight against cancer must attack the weakest point of the malignant de-
velopment: their missing or loose networking. Reestablishing normal homeosta-
sis and immune surveillance appears as a reliable way to attack the weak point.

One of the possibilities is to apply a synergy of thermal and nonthermal elec-
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tromagnetic effects, which may modify the system but could cause minimal re-
sistance or adaptation of the malignancy. The malignant processes can be blocked
and corrected by developing a tumor-specific immune reaction; when the regu-

lar immune surveillance works again, cancer cannot evade this control.

Funding

This research received external funding by the Hungarian Government, grant
number GINOP_PLUSZ_2.1.1-21-2022-00058.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this pa-

per.

References

[1] West, B.J. (2010) Fractal Physiology and the Fractional Calculus: A Perspective.
Frontiers in Physiology, 1, Article No. 12. https://doi.org/10.3389/fphys.2010.00012

[2] Hegyi, G., Vincze, Gy. and Szasz, A. (2012) On the Dynamic Equilibrium in Ho-
meostasis. Open Journal of Biophysics, 2, 64-71.
https://doi.org/10.4236/0jbiphy.2012.23009

[3] Szasz, O., Szigeti, G.P. and Szasz, A. (2019) The Intrinsic Self-Time of Biosystems.
Open Journal of Biophysics, 9, 131-145.

[4] Thimann, K.V. (1956) Promotion and Inhibition: Twin Themes of Physiology.
American Naturalist, 90, 145-162. https://doi.org/10.1086/281921

[5] West, B.J. (1990) Fractal Physiology and Chaos in Medicine. World Scientific, Sin-
gapore. https://doi.org/10.1142/1025

[6] Cramer, F. (1995) Chaos and Order (The Complex Structure of Living Systems).
VCH, Weinheim.

[7] Goldberger, A.L. and West, B.]J. (1987) Chaos in Physiology: Hearth or Disease? In:
Degn, H., et al, Eds., Chaos in Biological Systems, Springer Science + Business Me-
dia, New York, 1-4. https://doi.org/10.1007/978-1-4757-9631-5_1

[8] Mandell, A.J., Knapp, S., Ehlers, C.L. and Russo, P.V. (1983) The Stability of Con-
strained Randomness: Lithium Prophylaxis at Several Neurobiological Levels. In:
Post, R M. and Ballenger, J.C., Eds., Neurobiology of the Mood Disorders, Williams
& Wilkins, Baltimore, 744-776.

[9] Grondin, Y., Raine, D.J. and Norris, V. (2012) Life at the “Edge of Chaos” in a Ge-
netic Model. In: Minai, A.A., Braha, D. and Bar-Yam, Y., Eds., Unifying Themes in
Complex Systems VII, Springer, Berlin, 124-131.
https://doi.org/10.1007/978-3-642-18003-3_12

[10] Hanel, R., Pochacker, M. and Thurner, S., (2010) Living on the Edge of Chaos: Mi-
nimally Nonlinear Models of Genetic Regulatory Dynamics. Philosophical Transac-

tions of the Royal Society A: Mathematical, Physical and Engineering Sciences, 368,
5583-5596. https://doi.org/10.1098/rsta.2010.0267

[11] Furusawa, C. and Kaneko, K. (2012) Adaptation to Optimal Cell Growth through
Self-Organized Criticality. Physical Review Letters, 108, Article ID: 208103.
https://doi.org/10.1103/PhysRevLett.108.208103

[12] Du, X.X., Doubrovinski, K. and Osterfield, M. (2012) Self-Organized Cell Motility

DOI: 10.4236/0jbiphy.2024.142009

214 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.3389/fphys.2010.00012
https://doi.org/10.4236/ojbiphy.2012.23009
https://doi.org/10.1086/281921
https://doi.org/10.1142/1025
https://doi.org/10.1007/978-1-4757-9631-5_1
https://doi.org/10.1007/978-3-642-18003-3_12
https://doi.org/10.1098/rsta.2010.0267
https://doi.org/10.1103/PhysRevLett.108.208103

A. Szasz, G. P. Szigeti

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

(27]

(28]

(29]

from Motor Filament Interactions. Biophysics Journal, 102, 1738-1745.
https://doi.org/10.1016/j.bpj.2012.03.052

Hanel, R., Poechacker, M., Schoelling, M. and Thurner, S. (2012) A Self-Organized
Model for Cell-Differentiation Based on Variations of Molecular Decay Rates. PLOS
ONE, 7, €36679. https://doi.org/10.1371/journal.pone.0036679

Wierman, M.J. (2010) An Introduction to Mathematics of Uncertainty, Hoors Pro-
gram. Creighton University, College of Arts and Sciences, Omaha.
https://www.creighton.edu/sites/default/files/2022-03/MOU.pdf

Modell, H., Cliff, W., Michael, J., et al (2015) A Physiologist’s View of Homeostasis.
Advances in Physiology Education, 39, 259-266.
https://doi.org/10.1152/advan.00107.2015

Anteneodo, C. and Da Luz, M.G.E. (2010) Complex Dynamics of Life at Different
Scales: From Genomic to Global Environmental Issues. Philosophical Transactions
on the Royal Society A, 368, 5561-5568. https://doi.org/10.1098/rsta.2010.0286

Eskov, V.M., Filatova, O.E., Eskov, V.V., et al (2017) The Evolution of the Idea of
Homeostasis: Determinism, Stochastics, and Chaos-Self-Organization. Biophysics,
62, 809-820. https://doi.org/10.1134/S0006350917050074

Mode, C.J., Durrett, R., Klebaner, F., et al (2013) Applications of Stochastic Processes
in Biology and Medicine. International Journal of Stochastic Analysis, 2013, Article
ID: 790625. https://doi.org/10.1155/2013/790625

Wu, M. and Higgs, P.G. (2012) The Origin of Life Is a Spatially Localized Stochastic
Transition. Biology Direct, 7, Article No. 42.
https://doi.org/10.1186/1745-6150-7-42

Wolf, Y.I., Katsnelson, M.I. and Koonin, E.V. (2018) Physical Foundations of Bio-
logical Complexity. Proceedings of the National Academy of Sciences, 115, E8678-
E8687. https://doi.org/10.1073/pnas.1807890115

Szasz, O. and Szasz, A. (2021) Approaching Complexity: Hyperthermia Dose and Its
Possible Measurement in Oncology. Open Journal of Biophysics, 11, 68-132.
https://doi.org/10.4236/0jbiphy.2021.111002

West, B.J. (2006) Where Medicine Went Wrong. Rediscovering the Path to Com-
plexity. World Scientific, Singapore. https://doi.org/10.1142/9789812773098

Billman, G.E. (2020) Homeostasis: The Underappreciated and Far Too Often Ig-
nored Central Organizing Principle of Physiology. Frontiers in Physiology, 11, Ar-
ticle No. 200. https://doi.org/10.3389/fphys.2020.00200

Theise, N.D. and Kafatos, M.C. (2013) Complementarity in Biological Systems—A
Complexity View. Complexity, 18, 11-20. https://doi.org/10.1002/cplx.21453

Mobhr, H. (1977) Structure and Significance of Science. Springer, New York, 102.
https://doi.org/10.1007/978-3-642-45496-7

Brandas, E.J. (2010) Godelian Structures and Self-Organization in Biological Sys-
tems. International Journal of Quantum Chemistry, 111, 1321-1332.
https://doi.org/10.1002/qua.22616

Godel, K. (1931) Uber Formal Unentscheidbare Satze Der Principia Mathematica
Und Verwandter Systeme, 1. Monatshefte Fur Mathematik Und Physik, 38, 173-198.
https://doi.org/10.1007/BF01700692

Seel, M. and Ladik, J. (2019) The Tragicomedy of Modern Theoretical Biology. In:
Advances in Quantum Chemistry, Elsevier, Amsterdam, 1-13.
https://doi.org/10.1016/bs.aiq.2019.11.001

Walleczek, J. (2000) Self-Organized Biological Dynamics & Nonlinear Control.

DOI: 10.4236/0jbiphy.2024.142009

215 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/j.bpj.2012.03.052
https://doi.org/10.1371/journal.pone.0036679
https://www.creighton.edu/sites/default/files/2022-03/MOU.pdf
https://doi.org/10.1152/advan.00107.2015
https://doi.org/10.1098/rsta.2010.0286
https://doi.org/10.1134/S0006350917050074
https://doi.org/10.1155/2013/790625
https://doi.org/10.1186/1745-6150-7-42
https://doi.org/10.1073/pnas.1807890115
https://doi.org/10.4236/ojbiphy.2021.111002
https://doi.org/10.1142/9789812773098
https://doi.org/10.3389/fphys.2020.00200
https://doi.org/10.1002/cplx.21453
https://doi.org/10.1007/978-3-642-45496-7
https://doi.org/10.1002/qua.22616
https://doi.org/10.1007/BF01700692
https://doi.org/10.1016/bs.aiq.2019.11.001

A. Szasz, G. P. Szigeti

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

[43]

(44]

(45]

(46]

(47]

Cambridge Univ. Press, Cambridge. https://doi.org/10.1017/CB0O9780511535338

Kurakin, A. (2011) The Self-Organizing Fractal Theory as a Universal Discovery
Method: The Phenomenon of Life. Theoretical Biology and Medical Modelling, 8,
Article No. 4. https://doi.org/10.1186/1742-4682-8-4

Schlesinger, M.S. (1987) Fractal Time and 1/F Noise in Complex Systems. Annals of
the New York Academy of Sciences, 504, 214-228.
https://doi.org/10.1111/j.1749-6632.1987.tb48734.x

Bonner, J.T. (1959) The Cellular Slime Molds (Investigations in the Biological
Sciences). Princeton University Press, Princeton.

Bonner, J.T. (1967) The Cellular Slime Molds. 2nd Edition, Princeton University
Press, Princeton. https://doi.org/10.1515/9781400876884

Bonner, J.T. (2001) First Signals: The Evolution of Multicellular
ment. [Princeton University Press, Princeton.
https://doi.org/10.1515/9781400830589

Bonner, J.T. (2006) Why Size Matters: From Bacteria to Blue Whales. Princeton
University Press, Princeton. https://doi.org/10.1515/9781400837557

Weld, D.S., Lin, C.H. and Bragg, J. (2014) Artificital Intelligence and Collective In-
telligence. https://homes.cs.washington.edu/~weld/papers/ci-chapter2014.pdf

Waters, J.S., Ochs, A., Fewell, ].H. and Harrison, J.F. (2017) Differentiating Causal-
ity and Correlation in Allometric Scaling: Ant Colony Size Drives Metabolic Hypo-
metry. Proceedings of the Royal Society B, 284, Article ID: 20162582.
https://doi.org/10.1098/rspb.2016.2582

Waters, J.S., Holbrook, C.T., Fewell, ].H. and Harrison, J.F. (2010) Allometric Scal-
ing of Metabolism, Growth, and Activity in Whole Colonies of the Seed-Harvester
Ant. The American Naturalist, 176, 501-510. https://doi.org/10.1086/656266

Kauffman, S.A. (1993) The Origins of Order: Self-Organization and Selection in
Evolution. Oxford University Press, New York.
https://doi.org/10.1093/0s0/9780195079517.001.0001

Coffey, D.S. (1998) Self-Organization, Complexity and Chaos: The New Biology for
Medicine. Nature Medicine, 4, 882-885. https://doi.org/10.1038/nm0898-882

Di Ieva, A., Bruner, E., Widhalm, G., Minchev, G., Tschabitscher, M. and Grizzi, F.
(2012) Computer-Assisted and Fractal-Based Morphometric Assessment of Micro-
vascularity in Histological Specimens of Gliomas. Scientific Reports, 2, Article No.
429. https://doi.org/10.1038/srep00429

Lee, S-Y., Szigeti, G.P. and Szasz, A.M. (2019) Oncological Hyperthermia: The Cor-
rect Dosing in Clinical Applications. International Journal of Oncology, 54, 627-643.
https://doi.org/10.3892/ij0.2018.4645

Jacques, S.L. (2006) Ratio of Entropy to Enthalpy in Thermal Transitions in Biolog-
ical Tissues. Journal of Biomedical Optics, 11, Article ID: 041108.
https://doi.org/10.1117/1.2343437

Prigogine, I. (1947) Etude Thermodynamique des Processus Irreversibles. Thesis,
Dunod et Desoer, Paris.

Prigogine, I. (1954) Thermodynamics of Irreversible Processes. John Wiley & Sons,
Hoboken.

De Groot, S.R. (1951) Thermodynamics of Irreversible Processes. North-Holland
Publ. Co., Amsterdam.

Glansdorff, P. and Prigogine, I. (1954) Sur Les Sur Les Propriétés Différentielles de

DOI: 10.4236/0jbiphy.2024.142009

216 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1017/CBO9780511535338
https://doi.org/10.1186/1742-4682-8-4
https://doi.org/10.1111/j.1749-6632.1987.tb48734.x
https://doi.org/10.1515/9781400876884
https://doi.org/10.1515/9781400830589
https://doi.org/10.1515/9781400837557
https://homes.cs.washington.edu/%7Eweld/papers/ci-chapter2014.pdf
https://doi.org/10.1098/rspb.2016.2582
https://doi.org/10.1086/656266
https://doi.org/10.1093/oso/9780195079517.001.0001
https://doi.org/10.1038/nm0898-882
https://doi.org/10.1038/srep00429
https://doi.org/10.3892/ijo.2018.4645
https://doi.org/10.1117/1.2343437

A. Szasz, G. P. Szigeti

(48]

(49]

(50]

(51]

(52]

(53]

(54]

(55]

(56]

(57]

(58]

(59]

(60]

(61]

(62]

(63]

[64]

la Production D’Entropie. Physica, 20, 773-780.
https://doi.org/10.1016/S0031-8914(54)80190-X

Glansdorff, P. and Prigogine, I. (1971) Thermodynamic Theory of Structure, Stabil-
ity and Fluctuations. John Wiley & Sons, London, New York.

West, G.B., Woodruf, W.H. and Born, J.H. (2002) Allometric Scaling of Metabolic
Rate from Molecules and Mitochondria to Cells and Mammals. Proceedings of the
National Academy of Sciences of the United States of America, 99, 2473-2478.
https://doi.org/10.1073/pnas.012579799

Lehmann, L., Alger, I. and Weibull, J. (2015) Does Evolution Lead to Maximizing
Behavior? Evolution. 69, 1858-1873. https://doi.org/10.1111/ev0.12701

Damuth, J. (2001) Scaling of Growth: Plants and Animals Are Not So Different.
Proceedings of the National Academy of Sciences of the United States of America,
98, 2113-2114. https://doi.org/10.1073/pnas.051011198

Glazier, D.S. (2014) Metabolic Scaling in Complex Living Systems. Systems, 2,
451-540. https://doi.org/10.3390/systems2040451

Gayon, J. (2000) History of the Concept of Allometry. American Zoologist, 40,
748-758. https://doi.org/10.1093/icb/40.5.748

West, G.B. and Brown, J.H. (2004) Life’s Universal Scaling Laws. Physics Today, 57,
36-42. https://doi.org/10.1063/1.1809090

West, G.B., Brown, J.H. and Enquist, B.J. (1999) The Fourth Dimension of Life:
Fractal Geometry and Allometric Scaling of Organisms. Science, 284, 1677-1679.
https://doi.org/10.1126/science.284.5420.1677

Scheffer, M. and Van Nes, E.H. (2006) Self-Organized Similarity, the Evolutionary
Emergence of Groups of Similar Species. Proceedings of the National Academy of
Sciences, 103, 6230-6235. https://doi.org/10.1073/pnas.0508024103

Peto, R., Roe, F.J.C; Lee, P.N,, Levy, L. and Clack, J. (1975) Cancer and Aging in
Mice and Men. British Journal of Cancer, 32, 411-426.
https://doi.org/10.1038/bjc.1975.242

Huxley, J.S. and Teissier, G. (1936) Terminology of Relative Growth. Nature, 137,
780-781. https://doi.org/10.1038/137780b0

Szasz, O., Szigeti, Gy.P. and Szasz, A. (2017) On the Self-Similarity in Biologyical
Processes. Open Journal of Biophysics, 7, 183-196.
https://doi.org/10.4236/0jbiphy.2017.74014

Szasz, O. and Szasz, A. (2020) Parametrization of Survival Measures, Part I: Conse-
quences of Self-Organizing. International Journal of Clinical Medicine, 11, 316-347.
https://doi.org/10.4236/ijcm.2020.115031

Weibel, E.R. (2015) Chapter 22. How Benoit Mandelbrot Changed My Thinking
about Biological Form. In: Mandelbrot, B., Ed., Fractals and Dynamics in Mathe-
matics, Science, and the Arts. Theory and Applications, World Scientific Publishing,
Singapore, 471-487. https://doi.org/10.1142/9789814366076_0022

Calder, III W.A. (1984) Size, Function and Life History. Dover Publications Inc.,
Mineola.

Labra, F.A., Marquet, P.A. and Bozinovic, F. (2007) Scaling Metabolic Rate Fluctua-
tions. Proceedings of the National Academy of Sciences, 104, 10900-10903.
https://doi.org/10.1073/pnas.0704108104

Huxley, J.S. (1932) Problems of Relative Growth. Lincoln Mac Veagh—The Dial
Press, New York.

DOI: 10.4236/0jbiphy.2024.142009

217 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/S0031-8914(54)80190-X
https://doi.org/10.1073/pnas.012579799
https://doi.org/10.1111/evo.12701
https://doi.org/10.1073/pnas.051011198
https://doi.org/10.3390/systems2040451
https://doi.org/10.1093/icb/40.5.748
https://doi.org/10.1063/1.1809090
https://doi.org/10.1126/science.284.5420.1677
https://doi.org/10.1073/pnas.0508024103
https://doi.org/10.1038/bjc.1975.242
https://doi.org/10.1038/137780b0
https://doi.org/10.4236/ojbiphy.2017.74014
https://doi.org/10.4236/ijcm.2020.115031
https://doi.org/10.1142/9789814366076_0022
https://doi.org/10.1073/pnas.0704108104

A. Szasz, G. P. Szigeti

(65]

[66]

(67]

(68]

[69]

(70]

(71]

(72]

(73]

(74]

(75]

[76]

(77]

(78]

(79]

(80]

(81]

(82]

Wang, Y., Wang, X., Wohland, T. and Sampath, K. (2016) Extracellular Interactions
and Ligand Degradation Shape the Nodal Morphogen Gradient. ELife, 5, e13879.
https://doi.org/10.7554/eLife.13879

Potoyan, D.A. and Wolynes, P.G. (2014) On the Dephasing of Genetic Oscillators.
Proceedings of the National Academy of Sciences, 111, 2391-2396.
https://doi.org/10.1073/pnas.1323433111

Ptitsyn, A.A., Zvonic, S. and Gimble, J.M. (2007) Digital Signal Processing Reveals
Circadian Baseline Oscillation in Majority of Mammalian Genes. PLoS Computa-
tional Biology, 3, e120. https://doi.org/10.1371/journal.pcbi.0030120

Szendro, P., Vincze, G. and Szasz, A. (2001) Pink Noise Behaviour of the Bio-Systems.
European Biophysics Journal, 30, 227-231.
https://doi.org/10.1007/s002490100143

Wentian, L. (1989) Spatial 1/F Spectra in Open Dynamical Systems. Europhysics
Letters, 10, 395-400. https://doi.org/10.1209/0295-5075/10/5/001

Deering, W. and West, B.]J. (1992) Fractal Physiology. IEEE Engineering in Medi-
cine and Biology;, 11, 40-46. https://doi.org/10.1109/51.139035

Bassingthwaighte, J.B., Leibovitch, L.S. and West, B.J. (1994) Fractal Physiology.
Oxford Univ. Press, New York. https://doi.org/10.1007/978-1-4614-7572-9

Szasz, A. (2022) Time-Fractal in Living Objects. Open Journal of Biophysics, 12,
1-26. https://doi.org/10.4236/0jbiphy.2022.121001

Szasz, A. (2022) Stimulation and Control of Homeostasis. Open Journal of Bio-
Pphysics, 12, 89-131. https://doi.org/10.4236/0jbiphy.2022.122004

Szasz, A. (2022) Cancer Specific Resonances. Open Journal of Biophysics, 12, 185-
222. https://doi.org/10.4236/0jbiphy.2022.124009

Szasz, A. (2021) Therapeutic Basis of Electromagnetic Resonances and Signal-
Modulation. Open Journal of Biophysics, 11, 314-350.
https://doi.org/10.4236/0jbiphy.2021.113011

Mukherjee, S. (2022) The Song of the Cell: An Exploration of Medicine and the
New Human. Scribner, New York.

Sottoriva, A. and Graham, T.A. (2015) A Pan-Cancer Signature of Neutral Tumor
Evolution. https://doi.org/10.1101/014894

Tung, H.-R. and Durrett, R. (2021) Signatures of Neutral Evolution in Exponentially
Growing Tumors: A Theoretical Perspective. PLoS Computational Biology, 17,
€1008701. https://doi.org/10.1371/journal.pcbi.1008701

Fossion, R., Landa, E., Stransky, P., Velazquez, V., Lopez Vieyra, J.C., Garduno, L,
et al. (2010) Scale Invariance as a Symmetry in Physical and Biological Systems: Lis-
tening to Photons, Bubbles and Heartbeats. AIP Conference Proceedings, 1323,
74-90. https://doi.org/10.1063/1.3537868

Goldenfeld, N. and Woese, C. (2010) Life Is Physics: Evolution as a Collective Phe-
nomenon Far from Equilibrium.

West, B.J. and West, D. (2011) Are Allometry and Macroevolution Related? Physica
A: Statistical Mechanics and Its Applications, 390, 733-1736.
https://doi.org/10.1016/j.physa.2010.11.031

West, G.B. and Brown, J.H. (2005) The Origin of Allometric Scaling Laws in Biolo-
gy from Genomes to Ecosystems: Towards a Quantitative Unifying Theory of Bio-
logical Structure and Organization. Journal of Experimental Biology, 208, 1575-
1592. https://doi.org/10.1242/jeb.01589

DOI: 10.4236/0jbiphy.2024.142009

218 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.7554/eLife.13879
https://doi.org/10.1073/pnas.1323433111
https://doi.org/10.1371/journal.pcbi.0030120
https://doi.org/10.1007/s002490100143
https://doi.org/10.1209/0295-5075/10/5/001
https://doi.org/10.1109/51.139035
https://doi.org/10.1007/978-1-4614-7572-9
https://doi.org/10.4236/ojbiphy.2022.121001
https://doi.org/10.4236/ojbiphy.2022.122004
https://doi.org/10.4236/ojbiphy.2022.124009
https://doi.org/10.4236/ojbiphy.2021.113011
https://doi.org/10.1101/014894
https://doi.org/10.1371/journal.pcbi.1008701
https://doi.org/10.1063/1.3537868
https://doi.org/10.1016/j.physa.2010.11.031
https://doi.org/10.1242/jeb.01589

A. Szasz, G. P. Szigeti

(83]

(84]

(85]

(86]

(87]

(88]

(89]
[90]

[91]

[92]

(93]

(94]

[95]

[96]

[97]

(98]

[99]

Kempes, C.P., West, G.B. and Pepper, J.W. (2020) Paradox Resolved: The Allome-
tric Scaling of Cancer Risk across Species. http://arxiv.org/abs/2011.11099

Paoloni, M.C. and Khanna, C. (2007) Comparative Oncology Today. Veterinary
Clinics of North America: Small Animal Practice, 37, 1023-1032.
https://doi.org/10.1016/j.cvsm.2007.08.003

Kitsoulis, C.V., Baxevanis, A.D. and Abatzopoulos, T.J. (2020) The Occurrence of
Cancer in Vertebrates: A Mini Review. Journal of Biological Research-Thessaloniki,
27, 1-12. https://doi.org/10.1186/s40709-020-00119-0

Aktipis, C.A., Boddy, A.M.,, Jansen, G., Hibner, U., Hochberg, M.E., Maley, C.C.
and Wilkinson, G.S. (2015) Cancer across the Tree of Life: Cooperation and Cheat-
ing in Multicellularity. Philosophical Transactions of the Royal Society B: Biological
Sciences, 370, Article ID: 20140219. https://doi.org/10.1098/rstb.2014.0219

Nunney, L., Maley, C.C., Breen, M., Hochberg, M.E. and Schiffman, J.D. (2015) Pe-
to’S Paradox and the Promise of Comparative Oncology. Philosophical Transac-
tions of the Royal Society B: Biological Sciences, 370, Article ID: 20140177.
https://doi.org/10.1098/rstb.2014.0177

Hausser, M. (2001) Synaptic Function: Dendritic Democracy. Current Biology; 11,
R10-R12. https://doi.org/10.1016/S0960-9822(00)00034-8

Dawkins, R. (1976) The Selfish Gene. Oxford University Press, Oxford.

McAvoy, A. and Nowak, M.A. (2019) Reactive Learning Strategies for Iterated
Games. Proceedings of the Royal Society A, 475, Article ID: 20180819.
https://doi.org/10.1098/rspa.2018.0819

McAvoy, A. and Hauert, C. (2017) Autocratic Strategies for Alternating Games.
Theoretical Population Biology, 113, 13-22.
https://doi.org/10.1016/j.tpb.2016.09.004

Nowak, M.A. and Sigmund, K. (1994) The Alternating Prisoner’s Dilemma. Journal
of Theoretical Biology, 168, 219-226. https://doi.org/10.1006/jtbi.1994.1101

Ross-Gillespie, A. and Kiimmerli, R. (2014) Collective Decision-Making in Micro-
bes. Frontiers in Microbiology;, 5, Article No. 54.
https://doi.org/10.3389/fmicb.2014.00054

Bhardway, N., Yan, K.K. and Gerstein, M.B. (2010) Analysis of Diverse Regulatory
Networks in a Hierarchical Context Shows Consistent Tendencies for Collaboration
in the Middle Levels. Proceedings of the National Academy of Sciences, 107, 6841-
6846. https://doi.org/10.1073/pnas.0910867107

Johnson, B.R. and Lam, S.K. (2014) Self-Organization, Natural Selection, and Evo-
lution: Cellular Hardware and Genetic Software. BioScience, 60, 879-885.
https://doi.org/10.1525/bi0.2010.60.11.4

Von Bertalanffy, K.L. (1934) Untersuchungen iiber die gesetzlichkeit des wachstums.
I. Allgemeine grundlagen der theorie; mathematische und physiologische geset-
zlichkeiten des wachstums bei wassertieren. Wilhelm Roux Archiv fiir Entwick-
lungsmechanik der Organismen, 131, 613-652. https://doi.org/10.1007/BF00650112

Green, D.M. (1991) Chaos, Fractals and Nonlinear Dynamics in Evolution and
Phylogeny. Trends in Ecology & Evolution, 6, 334-337.
https://doi.org/10.1016/0169-5347(91)90042-V

Glancy, J., Stone, J.V. and Wilson, S.P. (2016) How Self-Organization Can Guide
the Evolution. Royal Society Open Science, 3, Article ID: 160553.
https://doi.org/10.1098/rs0s.160553

Turing, A.M. (1951) The Chemical Basis of Morphogenesis. Philosophical Transac-

DOI: 10.4236/0jbiphy.2024.142009

219 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
http://arxiv.org/abs/2011.11099
https://doi.org/10.1016/j.cvsm.2007.08.003
https://doi.org/10.1186/s40709-020-00119-0
https://doi.org/10.1098/rstb.2014.0219
https://doi.org/10.1098/rstb.2014.0177
https://doi.org/10.1016/S0960-9822(00)00034-8
https://doi.org/10.1098/rspa.2018.0819
https://doi.org/10.1016/j.tpb.2016.09.004
https://doi.org/10.1006/jtbi.1994.1101
https://doi.org/10.3389/fmicb.2014.00054
https://doi.org/10.1073/pnas.0910867107
https://doi.org/10.1525/bio.2010.60.11.4
https://doi.org/10.1007/BF00650112
https://doi.org/10.1016/0169-5347(91)90042-V
https://doi.org/10.1098/rsos.160553

A. Szasz, G. P. Szigeti

[100]
[101]
[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]
[114]

[115]

[116]

tions of the Royal Society of London. Series B, Biological Sciences, 237, 37-72.
https://doi.org/10.1098/rstb.1952.0012

Gurwitsch, A.A. (1904) Morphologie Und Biologie Der Zelle. Monograph.
Losa, G.A. (2009) The Fractal Geometry of Life. Rivista di Biologia, 102, 29-59.

Hendrix, M.].C.,, Seftor, E.A., Seftor, R.E.B., Kasemeier-Kulesa, J., Kulesa, P.M. and
Postovit, L.-M. (2007) Reprogramming Metastatic Tumour Cells with Embryonic
Microenvironments. Nature Reviews Cancer, 7, 246-255.
https://doi.org/10.1038/nrc2108

Maffini, M.V., Calabro, ].M., Soto, A.M. and Sonnenschein, C. (2005) Stromal Reg-
ulation of Neoplastic Development: Age-Dependent Normalization of Neoplastic
Mammary Cells by Mammary Stroma. The American Journal of Pathology, 167,
1405-1410. https://doi.org/10.1016/S0002-9440(10)61227-8

Bizzarri, M., Giuliani, A., Cucina, A., D’Anselmi, F., Soto, A.M. and Sonnenschein,
C. (2011) Fractal Analysis in a Systems Biology Approach to Cancer. Seminars in
Cancer Biology, 21, 175-182. https://doi.org/10.1016/j.semcancer.2011.04.002

Tautu, P. (1994) Fractal and Non-Fractal Growth of Biological Cell Systems. In:
Nonnenmacher, T.F., Losa, G.A. and Weibel, E.R., Eds., Fractals in Biology and
Medicine, Birkhauser, Basel, 86-103. https://doi.org/10.1007/978-3-0348-8501-0_7

Sole, R.V., Salazar-Ciudad, I. and Garcia-Fernandez, J. (2001) Common Pattern
Formation, Modularity and Phase Transitions in a Gene Network Model of Mor-
phogenesis. Physica A, 305, 640-654.
https://doi.org/10.1016/S0378-4371(01)00580-5

Glen, C.M., Kemp, M.L. and Voit, E.O. (2019) Agent-Based Modeling of Morpho-
genetic Systems: Advantages and Challenges. PLOS Computational Biology, 15,
€1006577. https://doi.org/10.1371/journal.pcbi.1006577

Szasz, A. (2023) Memristor Hypothesis in Malignant Charge Distribution. Open
Journal of Biophysics, 13, 51-92. https://doi.org/10.4236/0jbiphy.2023.134005

Yang, K.-L., Huang, C.-C., Chi, M.-S., Chiang, H.-C., Wang, Y.-S., Andocs, G., et al.
(2016) In Vitro Comparison of Conventional Hyperthermia and Modulated Elec-
tro-Hyperthermia. Oncotarget, 7, 84082-84092.
https://doi.org/10.18632/oncotarget.11444

Andocs, G., Szasz, O. and Szasz, A. (2009) Oncothermia Treatment of Cancer: From
the Laboratory to Clinic. Electromagnetic Biology and Medicine, 8, 148-165.
https://doi.org/10.1080/15368370902724633

Erdés, P. and Rényi, A. (1960) On the Evolution of Random Graphs. 5. Publication
of the Mathematical Institute of the Hungarian Academy of Science. 17-61.
http://www.math-inst.hu/~p_erdos/1960-10.pdf

Erdés, P. and Renyi, A. (2022) On Random Graphs. Publications Mathematicae, 6,
290-297. https://doi.org/10.5486/PMD.1959.6.3-4.12

Bollobas, B. (1985) Random Graphs. Academic, New York.

Barabasi, A.-L. and Albert, R. (1999) Emergence of Scaling in Random Networks.
Science, 286, 509-512. https://doi.org/10.1126/science.286.5439.509

Watts, D.J. and Strogatz, S.H. (1998) Collective Dynamics of “Small-World” Net-
works. Nature, 393, 440-442. https://doi.org/10.1038/30918

Barthelemy, M. and Amaral, L.A.N. (1999) Small-World Networks: Evidence for a
Crossover Picture. Physical Review Letters, 82, 5180-5184.
https://doi.org/10.1103/PhysRevLett.82.5180

DOI: 10.4236/0jbiphy.2024.142009

220 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1098/rstb.1952.0012
https://doi.org/10.1038/nrc2108
https://doi.org/10.1016/S0002-9440(10)61227-8
https://doi.org/10.1016/j.semcancer.2011.04.002
https://doi.org/10.1007/978-3-0348-8501-0_7
https://doi.org/10.1016/S0378-4371(01)00580-5
https://doi.org/10.1371/journal.pcbi.1006577
https://doi.org/10.4236/ojbiphy.2023.134005
https://doi.org/10.18632/oncotarget.11444
https://doi.org/10.1080/15368370902724633
http://www.math-inst.hu/%7Ep_erdos/1960-10.pdf
https://doi.org/10.5486/PMD.1959.6.3-4.12
https://doi.org/10.1126/science.286.5439.509
https://doi.org/10.1038/30918
https://doi.org/10.1103/PhysRevLett.82.5180

A. Szasz, G. P. Szigeti

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

Barrat, A. (1999) Comment on Small-World Networks: Evidence for a Crossover
Picture.

Newman, M.E.J. and Watts, D.J. (1999) Renormalization Group Analysis of the
Small-World Network Model. Physics Letters A, 263, 341-346.
https://doi.org/10.1016/S0375-9601(99)00757-4

Milgram, S. (1967) The Small World Problem. Psychology Today; 2, 60-67.
https://doi.org/10.1037/e400002009-005

Travers, J. and Milgram, S. (1969) An Experimental Study of the Small World
Problem. Sociometry, 32, 425-443. https://doi.org/10.2307/2786545

Cohen, R. and Havlin, S. (2003) Scale-Free Networks Are Ultrasmall. Physical Re-
view Letters, 90, Article ID: 058701. https://doi.org/10.1103/PhysRevLett.90.058701

Sattenspiel, L. and Simon, C.P. (1988) The Spread and Persistence of Infectious
Diseases in Structured Populations. Mathematical Biosciences, 90, 341-366.
https://doi.org/10.1016/0025-5564(88)90074-0

Jr. Longini, IL.M. (1988) A Mathematical Model for Predicting the Geographic
Spread of New Infectious Agents. Mathematical Biosciences, 90, 367-383.
https://doi.org/10.1016/0025-5564(88)90075-2

Kretschmar, M. and Morris, M. (1996) Measures of Concurrency in Networks and
the Spread of Infectious Disease. Mathematical Biosciences, 133, 165-195.
https://doi.org/10.1016/0025-5564(95)00093-3

Brackley, C.A., Gilbert, N., Michieletto, D., et al (2021) Complex Small-World Reg-
ulatory Networks Emerge from the 3D Organisation of the Human Genome. Nature
Communications, 12, Article No. 5756. https://doi.org/10.1038/s41467-021-25875-y

Albert, R. and Barabasi, A.-L. (2003) Hierarcial Organisation in Complex Networks.
Physical Review E, 67, Article ID: 026112.
https://doi.org/10.1103/PhysRevE.67.026112

Merton, R.K. (1988) The Matthew Effect in Science, II: Cumulative Advantage and
the Symbolism of Intellectual Property. Isis, 79, 606-623.
http://www.jstor.org/stable/234750

Barzel, B., Liu, Y.Y. and Barabasi, A.L. (2015) Constructing Minimal Models for
Complex System Dynamics. Nature Communications, 6, Article No. 7186.
https://doi.org/10.1038/ncomms8186

Li, L., et al (2005) Towards a Theory of Scale-Free Graphs: Definition, Properties,
and Applications.

Albert, R. and Barabasi, A.-L. (2002) Statistical Mechanics of Complex Networks.
Reviews of Modern Physics, 74, 47-97. https://doi.org/10.1103/RevModPhys.74.47

Berg, J. and Lassig, M. (2004) Local Graph Alignment and Motif Search in Biologi-
cal Networks. Proceedings of the National Academy of Sciences of the United States
of America, 101, 14689-14694.

Berg, J., Lassig, M. and Wagner, A. (2004) Structure and Evolution of Protein Inte-
raction Networks: A Statistical Model for Link Dynamics and Gene Duplications.
BMC Ecology and Evolution, 5, Article No. 51.

Wagner, A. (2003) How the Global Structure of Protein Interaction Networks
Evolves. Proceedings of the Royal Society B, 270, 457-466.
https://doi.org/10.1098/rspb.2002.2269

De Silva, E. and Stumpf, M.P.H. (2005) Complex Networks and Simple Models in
Biology. Journal of the Royal Society Interface, 2, 419-430.
https://doi.org/10.1098/rsif.2005.0067

DOI: 10.4236/0jbiphy.2024.142009

221 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/S0375-9601(99)00757-4
https://doi.org/10.1037/e400002009-005
https://doi.org/10.2307/2786545
https://doi.org/10.1103/PhysRevLett.90.058701
https://doi.org/10.1016/0025-5564(88)90074-0
https://doi.org/10.1016/0025-5564(88)90075-2
https://doi.org/10.1016/0025-5564(95)00093-3
https://doi.org/10.1038/s41467-021-25875-y
https://doi.org/10.1103/PhysRevE.67.026112
http://www.jstor.org/stable/234750
https://doi.org/10.1038/ncomms8186
https://doi.org/10.1103/RevModPhys.74.47
https://doi.org/10.1098/rspb.2002.2269
https://doi.org/10.1098/rsif.2005.0067

A. Szasz, G. P. Szigeti

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

Bollobds, B., Riordan, O., Spencer, J. and Tusnady, G. (2001) The Degree Sequence
of A Scale-Free Random Graph Process. Random Structures and Algorithms, 18,
279-290. https://doi.org/10.1002/rsa.1009

Szabo, G., Alava, M. and Kertesz, J. (2002) Shortest Paths and Load Scaling in Scale
Free Trees. Physical Review E, 66, Article ID: 026101.
https://doi.org/10.1103/PhysRevE.66.026101

Sampaio Filho, C., Moreira, A., Andrade, R., et al (2015) Mandala Networks: Ul-
tra-Small-World and Highly Sparse Graphs. Scientific Reports, 5, Article No. 9082.
https://doi.org/10.1038/srep09082

Achacoso, T.B. and Yamamoto, W.S. (1992) Ay’s Neuroanatomy of C. elegans for
Computation. CRC Press, Boca Raton.

Li, S., et al (2004) Amap of the Interactome Network of Themetazoan C. elegans.
Science, 303, 540-543. https://doi.org/10.1126/science.1091403

Bork, P., Jensen, L.J., Von Mering, C., Ramani, A.K., Lee, I. and Marcotte, E.M.
(2004) Protein Interaction Networks from Yeast to Human. Current Opinion in
Structural Biology, 14, 292-299. https://doi.org/10.1016/j.sbi.2004.05.003

Wagner, A. (2000) Robustness against Mutations in Genetic Networks of Yeast.
Nature Genet, 24, 355-361. https://doi.org/10.1038/74174

Jeong, H., Tombor, B., Albert, R., Oltvai, Z.N. and Barabési, A.-L. (2000) The
Large-Scale Organization of Metabolic Networks. Nature, 407, 651-654.
https://doi.org/10.1038/35036627

Jeong, H., Mason, S.P., Barabasi, A.-L. and Oltvai, Z.N. (2001) Lethality and Cen-
trality in Protein Networks. Nature, 411, 41-42. https://doi.org/10.1038/35075138

Han, J.D., Bertin, N., Hao, T., et al (2004) Evidence for Dynamically Organized
Modularity in the Yeast Protein-Protein Interaction Network. Nature, 430, 88-93.
https://doi.org/10.1038/nature02555

Winzeler, E.A., et al. (1999) Functional Characterization of the S. cerevisiae Ge-
nome by Gene Deletion and Parallel Analysis. Science, 285, 901-906.

Giaever, G., et al. (2002) Functional Profiling of the Saccharomyces cerevisiae Ge-
nome. Nature, 418, 387-391. https://doi.org/10.1038/nature00935

Newman, M. (2000) Models of the Small World. Journal of Statistical Physics, 101,
819-841. https://doi.org/10.1023/A:1026485807148

Newman, M. and Watts, D. (1999) Scaling and Percolation in the Small-World
Network Model. Physical Review E, 60, 7332-7342.
https://doi.org/10.1103/PhysRevE.60.7332

Barabasi, A.L. (2007) Network Medicine—From Obesity to the “Diseasome”. New
England Journal of Medicine, 357, 404-407. https://doi.org/10.1056/NEJMe078114

Goh, K.-I., Cusick, M.E., Valle, D., Childs, B., Vidal, M. and Barabasi, A.-L. (2007)
The Human Disease Network. Proceedings of the National Academy of Sciences,
104, 8685-8690. https://doi.org/10.1073/pnas.0701361104

Barabdsi, A.-L., Gulbahce, N. and Loscalzo, J. (2011) Network Medicine: A Net-
work-Based Approach to Human Disease. Nature Reviews Genetics, 12, 56-68.
https://doi.org/10.1038/nrg2918

Menche, J., Sharma, A., Kitsak, M., Ghiassian, S.D., Vidal, M., Loscalzo, J. and Ba-
rabasi, A.-L. (2005) Uncovering Disease-Disease Relationships through the Incom-
plete Interactome. Science, 347, Article ID: 1257601.
https://doi.org/10.1126/science.1257601

DOI: 10.4236/0jbiphy.2024.142009

222 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1002/rsa.1009
https://doi.org/10.1103/PhysRevE.66.026101
https://doi.org/10.1038/srep09082
https://doi.org/10.1126/science.1091403
https://doi.org/10.1016/j.sbi.2004.05.003
https://doi.org/10.1038/74174
https://doi.org/10.1038/35036627
https://doi.org/10.1038/35075138
https://doi.org/10.1038/nature02555
https://doi.org/10.1038/nature00935
https://doi.org/10.1023/A:1026485807148
https://doi.org/10.1103/PhysRevE.60.7332
https://doi.org/10.1056/NEJMe078114
https://doi.org/10.1073/pnas.0701361104
https://doi.org/10.1038/nrg2918
https://doi.org/10.1126/science.1257601

A. Szasz, G. P. Szigeti

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

[165]

[166]

[167]

[168]

[169]

Sonawane, A.R., Weiss, S.T., Glass, K. and Sharma, A. (2019) Network Medicine in
the Age of Biomedical Big Data. Frontiers in Genetics, 10, Article No. 294.
https://doi.org/10.3389/fgene.2019.00294

Mewes, H-W., Frishman, D., Giildener, U., Mannhaupt, G., Mayer, K., Mokrejs, M.,
Morgenstern, B., Miinsterkétter, M., Rudd, S. and Weil, B. (2002) MIPS: A Database
for Genomes and Protein Sequences. Nucleic Acids Research, 30, 31-34.
https://doi.org/10.1093/nar/30.1.31

Csermely, P. (2004) Strong Links Are Important—But Weak Links Stabilize Them.
Trends in Biochemical Sciences, 29, 331-334.
https://doi.org/10.1016/j.tibs.2004.05.004

Granovetter, M.S. (1973) The Strength of Weak Ties. The American Journal of So-
ciology, 78, 1360-1380. https://doi.org/10.1086/225469

Csermely, P. (2006) Weak Links: A Universal Key for Network Diversity and Stabil-
ity. Springer Verlag, Heidelberg.

Korcsmaros, T., Kovacs, L.A., Szalai, M.S. and Csermely, P. (2007) Molecular Cha-
perones: The Modular Evolution of Cellular Networks. Journal of Biosciences, 32,
441-446. https://doi.org/10.1007/s12038-007-0043-y

Kovacs, I.A,, Szalay, M.S. and Csermely, P. (2005) Water and Molecular Chaperones
Act as Weak Links of Protein Folding Networks: Energy Landscape and Punctuated
Equilibrium Changes Point towards a Game Theory of Proteins. FEBS Letters, 579,
2254-2260. https://doi.org/10.1016/j.febslet.2005.03.056

Song, C., Havlin, S. and Makse, H. (2006) Origins of Fractality in the Growth of
Complex Networks. Nature Physics, 2, 275-281. https://doi.org/10.1038/nphys266

Barabasi, A.-L., Ravasz, E. and Vicsek, T. (2001) Deterministic Scale-Free Networks.
Physica A, 299, 559-564. https://doi.org/10.1016/S0378-4371(01)00369-7

Csermely, P., Korcsmaros, T., Kiss, H.J.M., London, G. and Nussinov, R. (2013)
Structure and Dynamics of Biological Networks: A Novel Paradigm of Drug Dis-
covery. A Comprehensive Review. Pharmacology and Therapeutics, 138, 333-408.
https://doi.org/10.1016/j.pharmthera.2013.01.016

Gyorgy, A. and Del Vecchio, D. (2014) Modular Composition of Gene Transcrip-
tion Networks. PLoS Computational Biology, 10, E1003486.
https://doi.org/10.1371/journal.pcbi.1003486

Vidal, M., Cusick, M.E. and Barabdsi, A.L. (2011) Interactome Networks and Hu-
man Disease. Cell, 144, 986-998. https://doi.org/10.1016/j.cell.2011.02.016

Jordan, J.D., Landau, E.M. and Iyengar, R. (2000) Signaling Networks: The Origins
of Cellular Multitasking. Cell, 103, 193-200.
https://doi.org/10.1016/S0092-8674(00)00112-4

Wagner, A. and Fell, D.A. (2001) The Small World inside Large Metabolic Net-
works. Proceedings. Biological Sciences, 268, 1803-1810.
https://doi.org/10.1098/rspb.2001.1711

Freeman, L. (1977) A Set of Measures of Centrality Based on Betweenness. Soci-
ometry, 40, 35-41. https://doi.org/10.2307/3033543

Kitsak, M., Havlin, S., Paul, G., Riccaboni, M., Pammolli, F. and Stanley, H.E. (2006)
Betweenness Centrality of Fractal and Nonfractal Scale-Free Model Networks and
Tests on Real Networks. Physical Review E, 75, Article ID: 056115.
https://doi.org/10.1103/PhysRevE.75.056115

Kauffman, S. (1969) Metabolic Stability and Epigenesis in Randomly Constructed
Genetic Nets. Journal of Theoretical Biology, 22, 437-467.

DOI: 10.4236/0jbiphy.2024.142009

223 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.3389/fgene.2019.00294
https://doi.org/10.1093/nar/30.1.31
https://doi.org/10.1016/j.tibs.2004.05.004
https://doi.org/10.1086/225469
https://doi.org/10.1007/s12038-007-0043-y
https://doi.org/10.1016/j.febslet.2005.03.056
https://doi.org/10.1038/nphys266
https://doi.org/10.1016/S0378-4371(01)00369-7
https://doi.org/10.1016/j.pharmthera.2013.01.016
https://doi.org/10.1371/journal.pcbi.1003486
https://doi.org/10.1016/j.cell.2011.02.016
https://doi.org/10.1016/S0092-8674(00)00112-4
https://doi.org/10.1098/rspb.2001.1711
https://doi.org/10.2307/3033543
https://doi.org/10.1103/PhysRevE.75.056115

A. Szasz, G. P. Szigeti

[170]

[171]

[172]

[173]

[174]

[175]

[176]

[177]
[178]

[179]

[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

https://doi.org/10.1016/0022-5193(69)90015-0

Kuramoto, Y. (1984) Chemical Oscillations, Waves, and Turbulence. Springer, Ber-
lin. https://doi.org/10.1007/978-3-642-69689-3

Van Noort, V., Snel, B. and Huynen, M.A. (2004) The Yeast Coexpression Network
Has a Small-World, Scale-Free Architecture and Can Be Explained by a Simple
Model. EMBO Reports, 5, 280-284. https://doi.org/10.1038/sj.embor.7400090

Albert, R. (2005) Scale-Free Networks in Cell Biology. Journal of Cell Science, 118,
4947-4957. https://doi.org/10.1242/jcs.02714

KovACs, I.A., Luck, K., Spirohn, K., et al (2019) Network-Based Prediction of Pro-
tein Interactions. Nature Communications, 10, Article No. 1240.
https://doi.org/10.1038/s41467-019-09177-y

Frishman, D., Albrecht, M., Blankenburg, H., Bork, P., Harrington, E.D., Hermja-
kob, H., Juhl, Jensen L., Juan, D.A., Lengauer, T., Pagel, P., Schachter, V. and Va-
lencia, A. (2009) Protein-Protein Interactions: Analysis and Prediction. Modern
Genome Annotation, 1, 353-410. https://doi.org/10.1007/978-3-211-75123-7_17

Hartwell, L.H., Hopfield, ].J., Leibler, S. and Murray, A.W. (1999) From Molecular
to Modular Cell Biology. Nature, 402, C47-C52. https://doi.org/10.1038/35011540

Ravasz, E., Somera, A.L., Mongru, D.A., Oltvai, Z.N. and Barabdsi, A.L. (2002) Hie-
rarchical Organization of Modularity in Metabolic Networks. Science, 297, 1551-
1555. https://doi.org/10.1126/science.1073374

Krapivsky, P.L. and Redner, S. (2004) Log-Networks.

Kumar, R., Raghavan, P., Rajagopalan, S., Sivakumar, D., Tomkins, A. and Upfal, E.
(2000) Stochastic Models for the Web Graph. Proceedings 41 st Annual Symposium
on Foundations of Computer Science, Redondo Beach, 12-14 November 2000,
57-65.

Bhan, A., Galas, D.J. and Dewey, T.G. (2002) A Duplication Growth Model of Gene
Expression Networks. Bioinformatics, 18, 1486-1493.
https://doi.org/10.1093/bioinformatics/18.11.1486

Bianconi, G. and Barabasi, A.-L. (2001) Competition and Multiscaling in Evolving
Networks. Europhysics Letters, 54, Article No. 436.
https://doi.org/10.1209/epl/i2001-00260-6

Falkenberg, M., Lee, J.-H., Amano, S.-I., Ogawa, K.-L, et al (2020) Identifying Time
Dependence in Network Growth. Physical Review Research, 2, Article ID: 023352.
https://doi.org/10.1103/PhysRevResearch.2.023352

Broido, A.D. and Clauset, A. (2019) Scale-Free Networks Are Rare. Nature Com-
munications, 10, Article No. 1017. https://doi.org/10.1038/s41467-019-08746-5

Falkenberg, M. (2021) Heterogeneous Node Copying from Hidden Network Struc-
ture. Communications Physics, 4, Article No. 200.
https://doi.org/10.1038/s42005-021-00694-1

Granovetter, M.S. (1983) The Strength of Weak Ties: A Network Theory Revisited.
Sociological Theory, 1,201-233. https://doi.org/10.2307/202051

Gurevich, M. (1961) The Social Structure of Acquaintanceship Networks. MIT Press,
Cambridge.

De Sola Pool, I. and Kochen, M. (1978-1979) Contacts and Influence. Social Net-
works, 1, 5-51. https://doi.org/10.1016/0378-8733(78)90011-4

Samoylenko, I., Aleja, D., Primo, E., Alfaro-Bittner, K., Vasilyeva, E., et al (2023)
Why Are There Six Degrees of Separation in a Social Network? Physical Review X,

DOI: 10.4236/0jbiphy.2024.142009

224 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/0022-5193(69)90015-0
https://doi.org/10.1007/978-3-642-69689-3
https://doi.org/10.1038/sj.embor.7400090
https://doi.org/10.1242/jcs.02714
https://doi.org/10.1038/s41467-019-09177-y
https://doi.org/10.1007/978-3-211-75123-7_17
https://doi.org/10.1038/35011540
https://doi.org/10.1126/science.1073374
https://doi.org/10.1093/bioinformatics/18.11.1486
https://doi.org/10.1209/epl/i2001-00260-6
https://doi.org/10.1103/PhysRevResearch.2.023352
https://doi.org/10.1038/s41467-019-08746-5
https://doi.org/10.1038/s42005-021-00694-1
https://doi.org/10.2307/202051
https://doi.org/10.1016/0378-8733(78)90011-4

A. Szasz, G. P. Szigeti

[188]

[189]

[190]

[191]

[192]

[193]

[194]

[195]

[196]

[197]

[198]

[199]

[200]

[201]

[202]

[203]

13, Article ID: 021032. https://doi.org/10.1103/PhysRevX.13.021032

Zhang, Z. and Zhang, J. (2009) A Big World inside Small-World Networks. PLOS
ONE, 4, €5686. https://doi.org/10.1371/journal.pone.0005686

Li, C., Chen, J. and Li, S.C. (2020) Understanding Horizontal Gene Transfer Net-
work in Human Gut Microbiota. Gut Pathogens, 12, Article No. 33.
https://doi.org/10.1186/s13099-020-00370-9

Chiang, M.C., Barysheva, M., McMahon, K.L., De Zubicaray, G.I., Johnson, K,
Montgomery, G.W., Martin, N.G., Toga, A.W., Wright, M.]., Shapshak, P. and
Thompson, P.M. (2012) Gene Network Effects on Brain Microstructure and Intel-
lectual Performance Identified in 472 Twins. Journal of Neuroscience, 32, 8732-
8745. https://doi.org/10.1523/INEUROSCI.5993-11.2012

Gu, Z., et al. (2003) Role of Duplicate Genes in Genetic Robustness against Null
Mutations. Nature, 421, 63-66. https://doi.org/10.1038/nature01198

Bartsch, R.P., Liu, K.K., Bashan, A. and Ivanov, P.Ch. (2015) Network Physiology:
How Organ Systems Dynamically Interact. PLOS ONE, 10, E0142143.
https://doi.org/10.1371/journal.pone.0142143

West, B.J., Grigolini, P., Kerick, S.E., Franaszczuk, P.J. and Mahmoodi, K. (2023)
Complexity Synchronization of Organ Networks. Entropy (Basel), 25, Article No.
1393. https://doi.org/10.3390/e25101393

Sin, C. and Menche, J. (2020) Chapter 9. The Network of Networks Involved in
Human Disease. In: Kiani, N.A., Gomez-Cabrero, D. and Bianconi, G., Eds., Net-

works of Networks in Biology: Concepts, Tools and Applications, Cambridge Uni-
versity Press, Cambridge, 147-171.

Jeffrey, H.J. (1990) Chaos Game Representation of Gene Structure. Nucleic Acids
Research, 18, 2163-2170. https://doi.org/10.1093/nar/18.8.2163

Libretti, S. and Puckett, Y. (2023) Physiology, Homeostasis. StatPearls Publishing,
Treasure Island.

Nash, J.F. (1950) Equilibrium Points in N-Person Games. Proceedings of the Na-
tional Academy of Sciences of the United States of America, 36, 48-49.
https://doi.org/10.1073/pnas.36.1.48

Rendon, A.Y. and Alvarado, M. (2014) Methodology for the Modeling of Mul-
ti-Player Games. Conference Paper, 8th International Conference on Circuits, Sys-
tems, Communications and Computers (CSCC2014), Volume 2, 353-358.
https://www.researchgate.net/publication/265843563_Methodology_for_the_Model
ing_of Multi-Player_Games

Ni, C., Dinh, C.V. and Prather, K.L.J. (2021) Dynamic Control of Metabolism. An-
nual Review of Chemical and Biomolecular Engineering, 12, 519-541.
https://doi.org/10.1146/annurev-chembioeng-091720-125738

Smith, J.M. and Price, G.R. (1973) The Logic of Animal Conflict. Nature, 246, 15-18.
https://doi.org/10.1038/246015a0
Rapoport, A. and Chammah, A.M. (1966) The Game of Chicken. Annual Review of

Chemical and Biomolecular Engineering, 10, 10-28.
https://doi.org/10.1177/000276426601000303

Sugden, R. (1986) The Economics of Rights, Cooperation and Welfare, B. Blackwell,
Oxford.

Szigeti, Gy.P., Szasz, O. and Hegyi, G. (2016) Personalised Dosing of Hyperthermia.
Journal of Cancer Diagnosis, 1, Article No. 107.
https://www.omicsonline.org/open-access/personalised-dosing-of-hyperthermia-.pdf

DOI: 10.4236/0jbiphy.2024.142009

225 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1103/PhysRevX.13.021032
https://doi.org/10.1371/journal.pone.0005686
https://doi.org/10.1186/s13099-020-00370-9
https://doi.org/10.1523/JNEUROSCI.5993-11.2012
https://doi.org/10.1038/nature01198
https://doi.org/10.1371/journal.pone.0142143
https://doi.org/10.3390/e25101393
https://doi.org/10.1093/nar/18.8.2163
https://doi.org/10.1073/pnas.36.1.48
https://www.researchgate.net/publication/265843563_Methodology_for_the_Modeling_of_Multi-Player_Games
https://www.researchgate.net/publication/265843563_Methodology_for_the_Modeling_of_Multi-Player_Games
https://doi.org/10.1146/annurev-chembioeng-091720-125738
https://doi.org/10.1038/246015a0
https://doi.org/10.1177/000276426601000303
https://www.omicsonline.org/open-access/personalised-dosing-of-hyperthermia-.pdf

A. Szasz, G. P. Szigeti

[204]

[205]

[206]

[207]

[208]

[209]

[210]

[211]

[212]

[213]

[214]

[215]

[216]

[217]

[218]

[219]

[220]

[221]

Wan, Z., Mahajan, Y., Kang, B.W., Moore, T.J. and Cho, J.-H. (2021) A Survey on
Centrality Metrics and Their Network Resilience Analysis. JEEE Access, 9, 104773-
104819. https://doi.org/10.1109/ACCESS.2021.3094196

Estrada E. and Rodriguez-Velazquez, J.A. (2005) Subgraph Centrality in Complex
Networks. Physical Review E, 71, Article ID: 056103.
https://doi.org/10.1103/PhysRevE.71.056103

Albert, R., Jeong, H. and Barabasi, A.-L. (2000) Error and Attack Tolerance of
Complex Networks. Nature, 406, 378-382. https://doi.org/10.1038/35019019

Callaway, D.S., Newman, M.E.J., Strogatz, S.H. and Watts, D.J. (2000) Network
Robustness and Fragility: Percolation on Random Graphs. Physical Review Letters,
85, 5468-5471. https://doi.org/10.1103/PhysRevLett.85.5468

Holme, P., Kim, B.J., Yoon, C.N. and Han, S.K. (2002) Attack Vulnerability of
Complex Networks. Physical Review E, 65, Article ID: 056109.
https://doi.org/10.1103/PhysRevE.65.056109

Yoon, S., Ha, T., Kim, S. and Lim, H. (2017) Scalable Traffic Sampling Using Cen-
trality Measure on Software-Defined Networks. JEEE Communications Magazine,
55, 43-49. https://doi.org/10.1109/MCOM.2017.1600990

Koschiitzki, D. and Schreiber, F. (2008) Centrality Analysis Methods for Biological
Networks and Their Application to Gene Regulatory Networks. Gene Regulation
and Systems Biology, 2, GRSB.S702. https://doi.org/10.4137/GRSB.S702

Karabekmez, M.E. and Kirdar, B. (2016) A Novel Topological Centrality Measure
Capturing Biologically Important Proteins. Molecular BioSystems, 12, 666-673.
https://doi.org/10.1039/C5MB00732A

Mistr, D., Wise, M.P. and Dickerson, J.A. (2017) DiffSLC: A Graph Centrality Me-
thod to Detect Essential Proteins of a Protein-Protein Interaction Network. PLOS
ONE, 12, e0187091. https://doi.org/10.1371/journal.pone.0187091

Mukherjee, S. (2010) The Emperor of All Maladies: A Biography of Cancer. Scribn-
er, New York.

Rous, P. (1910) A Transmissible Avian Neoplasm (Sarcoma of the Common Fowl).
Journal of Experimental Medicine, 12, 696-705.
https://doi.org/10.1084/jem.12.5.696

Weiss, R.A. and Vogt, P.K. (2011) 100 Years of Rous Sarcoma Virus. Journal of Ex-
perimental Medicine, 208, 2351-2355. https://doi.org/10.1084/jem.20112160

Boveri, T. (1929, 1914) Zur frage der entstehung maligner tumoren (Gustav Fischer,
Jena). Williams and Wilkins, Baltimore.

Knudson, A.G. (2001) Two Genetic Hits (More or Less) to Cancer. Nature Reviews.
Cancer, 1, 157-162. https://doi.org/10.1038/35101031

Wunderlich, V. (2007) Early References to the Mutational Origin of Cancer. Inter-
national Journal of Epidemiology, 36, 246-247. https://doi.org/10.1093/ije/dyl272

Burnet, F.M. (1957) Cancer: A Biological Approach. British Medical Journal, 1,
841-847. https://doi.org/10.1136/bmj.1.5023.841

Dunn, G.P., Bruce, A.T., Ikeda, H., Old, L.J. and Schreiber, R.D. (2002) Cancer
Immunoediting: From Immunosurveillance to Tumour Escape. Nature Immunolo-
&7, 3, 991-998. https://doi.org/10.1038/ni1102-991

Dvorak, H.F. (1986) Tumours: Wounds That Do Not Heal. Similarities between
Tumour Stroma Generation and Wound Healing. 7he New England Journal of
Medicine, 315, 1650-1659. https://doi.org/10.1056/NEJM198612253152606

DOI: 10.4236/0jbiphy.2024.142009

226 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1109/ACCESS.2021.3094196
https://doi.org/10.1103/PhysRevE.71.056103
https://doi.org/10.1038/35019019
https://doi.org/10.1103/PhysRevLett.85.5468
https://doi.org/10.1103/PhysRevE.65.056109
https://doi.org/10.1109/MCOM.2017.1600990
https://doi.org/10.4137/GRSB.S702
https://doi.org/10.1039/C5MB00732A
https://doi.org/10.1371/journal.pone.0187091
https://doi.org/10.1084/jem.12.5.696
https://doi.org/10.1084/jem.20112160
https://doi.org/10.1038/35101031
https://doi.org/10.1093/ije/dyl272
https://doi.org/10.1136/bmj.1.5023.841
https://doi.org/10.1038/ni1102-991
https://doi.org/10.1056/NEJM198612253152606

A. Szasz, G. P. Szigeti

[222]

[223]

[224]

[225]

[226]

[227]

[228]

[229]

[230]

[231]

[232]

[233]

[234]

[235]

[236]

[237]

Tennant, R-W. (1993) A Perspective on Non-Mutagenic Mechanisms in Carcino-
genesis. Environmental Health Perspectives, 101, 231-236.
https://doi.org/10.1289/ehp.93101s3231

Sonnenschein, C. and Soto, A.M. (2000) Somatic Mutation Theory of Carcinogene-
sis: Why It Should Be Dropped and Replaced. Molecular Carcinogenesis, 29,
205-211.
https://doi.org/10.1002/1098-2744(200012)29:4<205::AID-MC1002>3.0.CO;2-W

Feinberg, A.P., Ohlsson, R. and Henikoff, S. (2006) The Epigenetic Progenitor Ori-
gin of Human Cancer. Nature Reviews Genetics, 7, 21-33.
https://doi.org/10.1038/nrg1748

Bukhtoyarov, O.V. and Samarin, D.M. (2015) Pathogenesis of Cancer: Cancer Re-
parative Trap: Journal of Cancer Therapy, 6, 399-412.
https://doi.org/10.4236/jct.2015.65043

Trichopoulos, D., Li, F.P. and Hunter, D.J. (1996) What Causes Cancer? Scientific
American Magazine, 275, 80-87. https://doi.org/10.1038/scientificamerican0996-80
Merlino, G. and Khanna, C. (2007) Fishing for the Origins of Cancer. Genes & De-
velopment, 21, 1275-1279. https://doi.org/10.1101/gad.1563707

Hameroff, S.R. (2004) A New Theory of the Origin of Cancer: Quantum Coherent
Entanglement, Centrioles, Mitosis, and Differentiation. Biosystems, 77, 119-136.
https://doi.org/10.1016/j.biosystems.2004.04.006

Rycaj, K. and Tang, D.G. (2015) Cell-of-Origin of Cancer versus Cancer Stem Cells:
Assays and Interpretations. Cancer Research, 75, 4003-4011.
https://doi.org/10.1158/0008-5472.CAN-15-0798

White, A.C. and Lowry, W.E. (2015) Refining the Role for Adult Stem Cells as Can-
cer Cells of Origin. Trends in Cell Biology, 25, 11-20.
https://doi.org/10.1016/.tcb.2014.08.008

Gold, S.S., Ames, B.N. and Slone, T.H. (2002) Misconceptions about the Causes of
Cancer. In: Paustenbach, D., Ed., Human and Environmental Risk Assessment.
Theory and Practice, John Wiley & Sons, New York, 1415-1460.

Danaei, G., Hoom V.S., Lopez, A.D., Murray, C.J. and Ezzati, M. (2005) Compara-
tive Risk Assessment Collaborating Group (Cancers) Causes of Cancer in the World:
Comparative Risk Assessment of Nine Behavioural and Environmental Risk Factors.
The Lancet, 366, 1784-1793. https://doi.org/10.1016/S0140-6736(05)67725-2

Clapp, R.W., Jacobs, M.M. and Loechler, E.L. (2008) Environmental and Occupa-
tional Causes of Cancer: New Evidence 2005-2007. Reviews on Environmental
Health, 23, 1-37. https://doi.org/10.1515/REVEH.2008.23.1.1

Anderson, M.W., et al. (1992) Role of Proto-Oncogene Activation in Carcinogenesis.
Environmental Health Perspectives, 98, 13-24. https://doi.org/10.1289/ehp.929813

Meden, H., et al (1994) Elevated Serum Levels of a C-ErbB-2 Oncogene Product in
Ovarian Cancer Patients and in Pregnancy. Journal of Cancer Research and Clinical
Oncology, 120, 378-381. https://doi.org/10.1007/BF01247465

Attie-Bitach, T., et al (1998) Expression of the RET Proto-Oncogene in Human
Embryos. American Journal of Medical Genetics, 80, 481-486.
https://doi.org/10.1002/(SICI)1096-8628(19981228)80:5<481::AID-ATMG8>3.0.CO;
2-6

Quenby, S.M., et al. (1999) Oncogenes and Tumour Suppressor Genes in First Tri-
mester Human Foetal Gonadal Development. Molecular Human Reproduction, 5,
737-741. https://doi.org/10.1093/molehr/5.8.737

DOI: 10.4236/0jbiphy.2024.142009

227 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1289/ehp.93101s3231
https://doi.org/10.1002/1098-2744(200012)29:4%3C205::AID-MC1002%3E3.0.CO;2-W
https://doi.org/10.1038/nrg1748
https://doi.org/10.4236/jct.2015.65043
https://doi.org/10.1038/scientificamerican0996-80
https://doi.org/10.1101/gad.1563707
https://doi.org/10.1016/j.biosystems.2004.04.006
https://doi.org/10.1158/0008-5472.CAN-15-0798
https://doi.org/10.1016/j.tcb.2014.08.008
https://doi.org/10.1016/S0140-6736(05)67725-2
https://doi.org/10.1515/REVEH.2008.23.1.1
https://doi.org/10.1289/ehp.929813
https://doi.org/10.1007/BF01247465
https://doi.org/10.1002/(SICI)1096-8628(19981228)80:5%3C481::AID-AJMG8%3E3.0.CO;2-6
https://doi.org/10.1002/(SICI)1096-8628(19981228)80:5%3C481::AID-AJMG8%3E3.0.CO;2-6
https://doi.org/10.1093/molehr/5.8.737

A. Szasz, G. P. Szigeti

[238]

[239]

[240]

[241]

[242]

[243]

[244]

[245]

[246]

[247]

[248]

[249]

[250]

[251]

[252]

[253]

[254]

[255]

Okada, Y., et al. (1996) Expression of Fos Family and Jun Family Proto-Oncogenes
during Corneal Epithelial Wound Healing. Current Eye Research, 15, 824-832.
https://doi.org/10.3109/02713689609017623

Stiles, C.D. (1985) The Biological Role of Oncogenes-Insights from Platelet-Derived
Growth Factor: Rhoads Memorial Award Lecture. Cancer Research, 45, 5215-5218.

Muthuswamy, S.K. (2021) Self-Organization in Cancer: Implications for Histopa-
thology, Cancer Cell Biology, and Metastasis. Cancer Cell, 39, 443-446.
https://doi.org/10.1016/j.ccell.2021.01.010

Balmain, A., Gray, J. and Ponder, B. (2014) The Genetics and Genomics of Cancer.
Nature Genetics Supplement, 33, 238-244. https://doi.org/10.1038/ng1107

Szigeti, G.P., Szasz, O. and Hegyi, G. (2017) Connections between Warburg’s and
Szentgyorgyi’s Approach about the Causes of Cancer. Journal of Neoplasm, 1, 1-13.

Hanahan, D. and Weinberg, R.A. (2000) The Hallmarks of Cancer. Cel}, 100, 57-70.
https://doi.org/10.1016/S0092-8674(00)81683-9

Dyas, F.G. (1928) Chronic Irritation as a Cause of Cancer. Journal of the American
Medical Association, 90, 457. https://doi.org/10.1001/jama.1928.92690330003008¢

Byun, J.S. and Gardner, K. (2013) Wounds That Will Not Heal, Pervasive Cellular
Reprogramming in Cancer. The American Journal of Pathology, 182, 1055-1064.
https://doi.org/10.1016/j.ajpath.2013.01.009

Platz, E.A. and De Marzo, A.M. (2004) Epidemiology of Inflammation and Prostate
Cancer. Journal of Urology, 171, S36-540.
https://doi.org/10.1097/01.ju.0000108131.43160.77

Hanahan, D. and Weinberg, R.A. (2011) Hallmarks of Cancer: The Next Generation.
Cell, 144, 646-674. https://doi.org/10.1016/j.cell.2011.02.013

Punyiczki, M. and Fesus, L. (1998) Heat Shock and Apoptosis: The Two Defense
Systems of the Organisms May Have Overlapping Molecular Elements. Annals of
the New York Academy of Sciences, 951, 67-74.
https://doi.org/10.1111/j.1749-6632.1998.tb08978.x

Soto, A.M. and Sonnenschein, C. (2021) The Cancer Puzzle: Welcome to Organic-
ism. Progress in Biophysics and Molecular Biology, 165, 114-119.
https://doi.org/10.1016/j.pbiomolbio.2021.07.001

Hatlee, M.D. and Kozak, J.J. (1981) Stochastic Flows in Integral and Fractal Dimen-
sions and Morphogenesis. Proceedings of the National Academy of Sciences of the
United States of America, 78, 972-975. https://doi.org/10.1073/pnas.78.2.972

Fosslien, E. (2008) Cancer Morphogenesis: Role of Mitochondrial Failure. Annals of
Clinical & Laboratory Science, 38, 307-329.

Hockel, M. and Behn, U. (2019) The Order of Cancer: A Theory of Malignant Pro-
gression by Inverse Morphogenesis. Frontiers in Oncology, 9, Article No. 416.
https://doi.org/10.3389/fonc.2019.00416

Levin, M. (2012) Morphogenetic Fields in Embryogenesis, Regeneration, and Can-
cer: Non-Local Control of Complex Patterning. Biosystems, 109, 243-261.
https://doi.org/10.1016/j.biosystems.2012.04.005

Levin, M. (2011) The Wisdom of the Body: Future Techniques and Approaches to
Morphogenetic Fields in Regenerative Medicine, Developmental Biology and Can-
cer. Regenerative Medicine, 6, 667-673. https://doi.org/10.2217/rme.11.69

Szigeti, Gy.P., Szasz, A.M. and Szasz, A. (2020) The Growth of Healthy and Can-
cerous Tissues. Open Journal ofBjophysjcs, 10,113-128.

DOI: 10.4236/0jbiphy.2024.142009

228 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.3109/02713689609017623
https://doi.org/10.1016/j.ccell.2021.01.010
https://doi.org/10.1038/ng1107
https://doi.org/10.1016/S0092-8674(00)81683-9
https://doi.org/10.1001/jama.1928.92690330003008c
https://doi.org/10.1016/j.ajpath.2013.01.009
https://doi.org/10.1097/01.ju.0000108131.43160.77
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1111/j.1749-6632.1998.tb08978.x
https://doi.org/10.1016/j.pbiomolbio.2021.07.001
https://doi.org/10.1073/pnas.78.2.972
https://doi.org/10.3389/fonc.2019.00416
https://doi.org/10.1016/j.biosystems.2012.04.005
https://doi.org/10.2217/rme.11.69

A. Szasz, G. P. Szigeti

[256]

[257]

[258]

[259]

[260]

[261]

[262]

[263]

[264]

[265]

[266]

[267]

[268]

[269]

[270]

[271]

[272]

https://doi.org/10.4236/0jbiphy.2020.103010

Szasz, A. (2021) Vascular Fractality and Alimentation of Cancer. International
Journal of Clinical Medicine, 12, 279-296. https://doi.org/10.4236/ijcm.2021.127025

Sedivy, R. and Mader, R.M. (1997) Fractals, Chaos, and Cancer: Do They Coincide?
Cancer Investigation, 15, 601-607. https://doi.org/10.3109/07357909709047603

Sokolov, I. and Dokukin, M.E. (2017) Fractal Analysis of Cancer Cell Surface. Me-
thods in Molecular Biology, 1530, 229-245.
https://doi.org/10.1007/978-1-4939-6646-2_13

Tambasco, M. and Magliocco, A.M. (2008) Relationship between Tumor Grade and
Computed Architectural Complexity in Breast Cancer Specimens. Human Patholo-
87, 39, 740-746. https://doi.org/10.1016/j.humpath.2007.10.001

Ballerini, L. and Franzén, L. (2005) Fractal Analysis of Microscopic Images of Breast
Tissue.

Delides, A., Panayiotides, I., Alegakis, A., Kyroudi, A., Banis, C., Pavlaki, A., Heli-
donis, E. and Kittas, C. (2005) Fractal Dimension as a Prognostic Factor for Laryn-

geal Carcinoma. Anticancer Research, 25, 2141-2144.

Lennon, F.E., Cianci, G.C., Cipriani, N.A., Hensing, T.A., Zhang, H.J., Chen, C.T.,
et al. (2015) Lung Cancer—A Fractal Viewpoint. Nature Reviews Clinical Oncology,
12, 664-675. https://doi.org/10.1038/nrclinonc.2015.108

Kirci, P. and Bayrak, E.A. (2019) The Application of Fractal Analysis on Thyroid
Ultrasound Images. Acta Infologica, 3, 83-90. https://doi.org/10.26650/acin.496129

Metze, K., Adam, R. and Florindo, J.B. (2019) The Fractal Dimension of Chroma-
tin—A Potential Molecular Marker for Carcinogenesis, Tumor Progression and
Prognosis. Expert Review of Molecular Diagnostics, 19, 299-312.
https://doi.org/10.1080/14737159.2019.1597707

Tang, X.W., Liu, J.B. and Wu, B.C. (1994) Fractal Property of the Cytoskeleton in
the Living Cells. Chinese Physics Letters, 11, 522-525.
https://doi.org/10.1088/0256-307X/11/8/016

Gardiner, J., Overall, R. and Marc, J. (2012) Plant Microtubule Cytoskeleton Com-
plexity: Microtubule Arrays as Fractals. Journal of Experimental Botany, 63,
635-642. https://doi.org/10.1093/jxb/err312

Baish, J.W. and Jain, R.K. (2000) Fractals and Cancer. Cancer Research, 60, 3683-
3688.

Chimal-Eguia, J.C., Castillo-Montiel, E. and Paez-Hernandez, R.T. (2020) Proper-
ties of the Vascular Networks in Malignant Tumors. Entropy, 22, Article No. 166.
https://doi.org/10.3390/e22020166

Ra$, A., Otrocka-Domagala, I. and Ras-Norynska, M. (2020) Two Different Clinical
Forms of Squamous Cell Carcinoma (SCC) in the Perineum and Vulva of Two
Mares. BMC Veterinary Research, 16, Article No. 464.
https://doi.org/10.1186/s12917-020-02678-9

Vasilescu, C., Giza, D.E., Petrisor, P., Dobrescu, R., Poescu, I. and Herlea, V. (2012)
Morphometrical Differences between Resectable and Non-Resectable Pancreatic
Cancer: A Fractal Analysis. Hepato- Gastroenterology, 59, 284-288.
https://doi.org/10.5754/hgel1277

Axenie, C., Bauer, R. and Martinez, M.R. (2021) The Multiple Dimensions of Net-
works in Cancer: A Perspective. Symmetry, 13, Article No. 1559.
https://doi.org/10.3390/sym13091559

Poornima, P., Kumar, J.D., Zhao, O., Blunder, M. and Efferth, T. (2016) Network

DOI: 10.4236/0jbiphy.2024.142009

229 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.4236/ojbiphy.2020.103010
https://doi.org/10.4236/ijcm.2021.127025
https://doi.org/10.3109/07357909709047603
https://doi.org/10.1007/978-1-4939-6646-2_13
https://doi.org/10.1016/j.humpath.2007.10.001
https://doi.org/10.1038/nrclinonc.2015.108
https://doi.org/10.26650/acin.496129
https://doi.org/10.1080/14737159.2019.1597707
https://doi.org/10.1088/0256-307X/11/8/016
https://doi.org/10.1093/jxb/err312
https://doi.org/10.3390/e22020166
https://doi.org/10.1186/s12917-020-02678-9
https://doi.org/10.5754/hge11277
https://doi.org/10.3390/sym13091559

A. Szasz, G. P. Szigeti

[273]

[274]

[275]

[276]

[277]

[278]

[279]

[280]

[281]

[282]

[283]

[284]

[285]

Pharmacology of Cancer: From Understanding of Complex Interactomes to the De-
sign of Multi-Target Specific Therapeutics from Nature, Pharmacological Research,
111, 290-302. https://doi.org/10.1016/j.phrs.2016.06.018

Ozturk, K., Dow, M., Carlin, D.E., Bejar, R. and Carter, H. (2018) The Emerging
Potential for Network Analysis to Inform Precision Cancer Medicine. Journal of
Molecular Biology, 430, 2875-2899. https://doi.org/10.1016/j.jmb.2018.06.016

Kim, Y.-A., Cho, D.-Y. and Przytycka, T.M. (2016) Understanding Genotype-Phe-
notype Effects in Cancer via Network Approaches. PLoS Computational Biology, 12,
€1004747. https://doi.org/10.1371/journal.pcbi.1004747

Trigos, A.S., Pearson, R.B., Papenfuss, A.T., et al (2016) Altered Interactions be-
tween Unicellular and Multicellular Genes Drive Hallmarks of Transformation in a
Diverse Range of Solid Tumors. Proceedings of the National Academy of Science,
114, 6406-6411. https://doi.org/10.1073/pnas.1617743114

Davidson, C.D., Wang, W.Y., Zaimi, L., et al (2019) Cell Force-Mediated Matrix
Reorganization Underlies Multicellular Network Assembly. Scientific Reports, 9,
Article No. 12. https://doi.org/10.1038/s41598-018-37044-1

Boyle, E.A.,, Li, Y.I. and Pritchard, J.K. (2017) An Expanded View of Complex Traits:
From Polygenic to Omnigenic. Cel/, 169, 1177-1186.
https://doi.org/10.1016/j.cell.2017.05.038

Liu, X.., Li, Y.I. and Pritchard, J.K. (2019) Trans Effects on Gene Expression Can
Drive Omnigenic Inheritance. Cel, 177, 1022-1034.
https://doi.org/10.1016/j.cell.2019.04.014

Csermely, P. (2021) Adaptation of Molecular Interaction Networks in Cancer Cells.
In: Strauss, B., Bertolaso, M., Ernberg, I. and Bissell, M.]., Eds., Rethinking Cancer.
A New Paradigm for the Postgenomic Era, The MIT Press, Cambridge, 141-162.

Gyurké, D.M., Veres, D.V., Mddos, D., Lenti, K., Korcsmaros, T. and Csermely, P.
(2013) Adaptation and Learning of Molecular Networks as a Description of Cancer
Development at the Systems-Level: Potential Use in Anti-Cancer Therapies. Semi-
nars in Cancer Biology, 23, 262-269.
https://doi.org/10.1016/j.semcancer.2013.06.005

Parekh, V.S, Pillai, J.J., Macura, K.J., LaViolette, P.S. and Jacobs, M.A. (2022) Tu-
mor Connectomics: Mapping the Intra-Tumoral Complex Interaction Network
Using Machine Learning. Cancers, 14, Article No. 1481.
https://doi.org/10.3390/cancers14061481

Chatzaroulas, E., Sliogeris, V., Victori, P., Buffa, F.M., Moschoyiannis, S. and Bauer,
R. (2022) A Structural Characterisation of the Mitogen-Activated Protein Kinase
Network in Cancer. Symmetry, 14, Article No. 1009.
https://doi.org/10.3390/sym14051009

Danenberg, E., Bardwell, H., Zanotelli, V.R.T., Provenzano, E., Chin, S.F., Rueda,
O.M., Green, A., Rakha, E., Aparicio, S., Ellis, I.O., Bodenmiller, B., Caldas, C. and
Ali, H.R. (2022) Breast Tumor Microenvironment Structures Are Associated with
Genomic Features and Clinical Outcome. Nature Genetics, 54, 660-669.
https://doi.org/10.1038/s41588-022-01041-y

Talaat, .M. and Kim, B. (2022) A Brief Glimpse of a Tangled Web in a Small
World: Tumor Microenvironment. Frontiers in Medicine (Lausanne), 9, Article ID:
1002715. https://doi.org/10.3389/fmed.2022.1002715

Fouladzadeh, A., Dorraki, M., Min, K.K.M., Cockshell, M.P., Thompson, E.]J., Ver-
jans, J.W., Allison, A., Bonder, C.S. and Abbott, D. (2021) The Development of
Tumour Vascular Networks. Communications Biology, 4, Article No. 1111.

DOI: 10.4236/0jbiphy.2024.142009

230 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/j.phrs.2016.06.018
https://doi.org/10.1016/j.jmb.2018.06.016
https://doi.org/10.1371/journal.pcbi.1004747
https://doi.org/10.1073/pnas.1617743114
https://doi.org/10.1038/s41598-018-37044-1
https://doi.org/10.1016/j.cell.2017.05.038
https://doi.org/10.1016/j.cell.2019.04.014
https://doi.org/10.1016/j.semcancer.2013.06.005
https://doi.org/10.3390/cancers14061481
https://doi.org/10.3390/sym14051009
https://doi.org/10.1038/s41588-022-01041-y
https://doi.org/10.3389/fmed.2022.1002715

A. Szasz, G. P. Szigeti

[286]

[287]

[288]

[289]

[290]

[291]

[292]

[293]

[294]

[295]

[296]

[297]

[298]

[299]
[300]

[301]

[302]

https://doi.org/10.1038/s42003-021-02632-x

Zhou, M., Liu, ]. and Wang, S. (2017) A Comparative Study of Robustness Measures
for Cancer Signaling Networks. Big Data and Information Analytics, 2, 87-96.
https://doi.org/10.3934/bdia.2017011

Song, W.M. and Zhang, B. (2015) Multiscale Embedded Gene Co-Expression Net-
work Analysis. PLoS Computational Biology, 11, €1004574.
https://doi.org/10.1371/journal.pcbi.1004574

Song, W.M., Di Matteo, T. and Aste, T. (2012) Building Complex Networks with
Platonic Solids. Physical Review E, Statistical, Nonlinear, and Soft Matter Physics,
85, Article ID: 046115. https://doi.org/10.1103/PhysRevE.85.046115

Song, W.M.,, Di Matteo, T. and Aste, T. (2011) Nested Hierarchies in Planar Graphs.
Discrete Applied Mathematics, 159, 2135-2146.
https://doi.org/10.1016/j.dam.2011.07.018

Pe’Er, D. and Hacohen, N. (2011) Principles and Strategies for Developing Network
Models in Cancer. Cell, 144, 864-873. https://doi.org/10.1016/j.cell.2011.03.001

Huang, S. and Ingber, D.E. (2006) A Non-Genetic Basis for Cancer Progression and
Metastasis: Self-Organizing Attractors in Cell Regulatory Networks. Breast Diseases,
26, 27-54. https://doi.org/10.3233/BD-2007-26104

Vineis, P., Schatzkin, A. and Potter, J.D. (2010) Models of Carcinogenesis: An
Overview. Carcinogenesis, 31, 1703-1709. https://doi.org/10.1093/carcin/bgq087

Glass, K., Quackenbush, J., Spentzos, D., Haibe-Kains, B. and Yuan, G.C. (2015) A
Network Model for Angiogenesis in Ovarian Cancer. BMC Bioinformatics, 16, Ar-
ticle No. 115. https://doi.org/10.1186/s12859-015-0551-y

Szasz, O., Szigeti, Gy.P., Szasz, A. and Benyo, Z. (2018) Role of Electrical Forces in
Angiogenesis. Open Journal of Biophysics, 8, 49-67.
https://doi.org/10.4236/0jbiphy.2018.82005

Chen, A.X., Zopf, C.J., Mettetal, J., Shyu, W.C., et al (2020) Scale-Free Structure of
Cancer Networks and Their Vulnerability to Hub-Directed Combination Therapy.
https://doi.org/10.1101/2020.07.01.159657

Das, A.B. (2020) Small-World Networks of Prognostic Genes Associated with Lung
Adenocarcinoma Development. Genomuics, 112, 4078-4088.
https://doi.org/10.1016/j.ygeno.2020.07.018

Wang, Y., Huang, T., Li, Y. and Sha, X. (2020) The Self-Organization Model Reveals
Systematic Characteristics of Aging. Theoretical Biology and Medical Modelling, 17,
Article No. 4. https://doi.org/10.1186/s12976-020-00120-z

Beheshti, A., Benzekry, S., McDonald, J.T., Ma, L., Peluso, M., Hahnfeldt, P. and
Hlatky, L. (2015) Host Age Is a Systemic Regulator of Gene Expression Impacting
Cancer Progression. Cancer Research, 75, 1134-1143.
https://doi.org/10.1158/0008-5472.CAN-14-1053

Weinberg, R.A. (1998) One Renegade Cell. Basic Books, New York.

Lichtenstein, A.V. (2018) Genetic Mosaicism and Cancer: Cause and Effect. Cancer
Research, 78, 1375-1378. https://doi.org/10.1158/0008-5472.CAN-17-2769

Breivik, J. (2005) The Evolutionary Origin of Genetic Instability in Cancer Devel-
opment. Seminars in Cancer Biology, 15, 51-60.
https://doi.org/10.1016/j.semcancer.2004.09.008

Horvath, S. (2013) DNA Methylation Age of Human Tissues and Cell Types.
Genome Biology, 14, R115. https://doi.org/10.1186/gb-2013-14-10-r115

DOI: 10.4236/0jbiphy.2024.142009

231 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1038/s42003-021-02632-x
https://doi.org/10.3934/bdia.2017011
https://doi.org/10.1371/journal.pcbi.1004574
https://doi.org/10.1103/PhysRevE.85.046115
https://doi.org/10.1016/j.dam.2011.07.018
https://doi.org/10.1016/j.cell.2011.03.001
https://doi.org/10.3233/BD-2007-26104
https://doi.org/10.1093/carcin/bgq087
https://doi.org/10.1186/s12859-015-0551-y
https://doi.org/10.4236/ojbiphy.2018.82005
https://doi.org/10.1101/2020.07.01.159657
https://doi.org/10.1016/j.ygeno.2020.07.018
https://doi.org/10.1186/s12976-020-00120-z
https://doi.org/10.1158/0008-5472.CAN-14-1053
https://doi.org/10.1158/0008-5472.CAN-17-2769
https://doi.org/10.1016/j.semcancer.2004.09.008
https://doi.org/10.1186/gb-2013-14-10-r115

A. Szasz, G. P. Szigeti

[303]

[304]

[305]

[306]

[307]

[308]

[309]

[310]

[311]

[312]

[313]

[314]

[315]

[316]

Himmelstein, D.U., Levins, R. and Woolhandler, S. (1990) Beyond Our Means: Pat-
terns of Variability of Physiological Traits. International Journal of Health Services,
20, 115-124. https://doi.org/10.2190/BKDL-N7DB-BDW8-DPYY

Braess, D. (1968) Uber ein paradoxon aus der verkehrsplanung. Unternehmen-
sforschung Operations Research-Recherche Operationnelle, 12, 258-268.
https://doi.org/10.1007/BF01918335

Roughgarden, T. and Tartos, E. (2001) How Bad Is the Selfish Routing?
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahu
ke-
wi03ampryeeaxwahfOhhfrlcoigfnoeca8qaq&url=https%3a%2{%2ftheory.stanford.ed
u%2f~tim%2fpapers%2frouting.pdf&usg=aovvawln8hpm_urhlxripgvecgbu&opi=8
9978449m

Csermely, P. and Soti, C. (2006) Cellular Networks and the Aging Process. Archives
of Physiology and Biochemistry, 112, 60-64.
https://doi.org/10.1080/13813450600711243

Dobrescu, R., Vasilescu, C. and Ichim, L. (2006) Using Fractal Dimension in Tumor
Growth Evaluation. Proceedings of the 5th WSEAS International Conference on
Non-Linear Analysis, Non-Linear Systems and Chaos, Romania Bucharest, 16-18
October 2006, 63-68.

Higuchi, T. (1990) Relationship between the Fractal Dimension and the Power Law
Index for a Time Series: A Numerical Investigation. Physica D: Nonlinear Pheno-
mena, 46, 254-264. https://doi.org/10.1016/0167-2789(90)90039-R

Popkin, G. (2011) Physics Sheds Light on Cancer and Bacteria Evolution. APC
News, 20. https://www.aps.org/publications/apsnews/201105/cancerbacteria.cfm

Trigos, A.S., Pearson, R.B., Paenfuss, A.T., et al (2018) How the Evolution of Mul-
ticellularity Set the Stage for Cancer. British Journal of Cancer, 118, 145-152.
https://doi.org/10.1038/bjc.2017.398

Lineweaver, C.H., Bussey, K.J., Blackburn, A.C. and Davies, P.C.W. (2021) Cancer
Progression as a Sequence of Atavistic Reversions. BioEssays, 43, Article ID: 2000305.
https://doi.org/10.1002/bies.202000305

Alfarouk, K.O., Shayoub, M.E.A., Muddathir, A.K., Elhassan, G.O. and Bashir,
AH.H. (2011) Evolution of Tumour Metabolism Might Reflect Carcinogenesis as a
Reverse Evolution Process (Dismantling of Multicellularity). Cancers, 3, 3002-3017.
https://doi.org/10.3390/cancers3033002

Szentgyorgyi, A. (1978) The Living State and Cancer. Marcel Dekker Inc., New
York.

Jezequel, P. and Campone, M. (2018) Comment on “How the Evolution of Multi-
cellularity Set the Stage for Cancer”. British Journal of Cancer, 119, 133-134.
https://doi.org/10.1038/s41416-018-0091-0

Pavlides, S., Whitaker-Menezes, D., Castello-Cros, R., Flomenberg, N., Witkiewicz,
A K., Frank, P.G., Casimiro, M.C., Wang, C., Fortina, P., Addya, S., Pestell, R.G.,
Martinez-Outschoorn, U.E,, Sotgia, F. and Lisanti, M.P. (2009) The Reverse War-
burg Effect: Aerobic Glycolysis in Cancer Associated Fibroblasts and the Tumor
Stroma. Cell Cycle, 8, 3984-4001. https://doi.org/10.4161/cc.8.23.10238

Wilde, L., Roche, M., Domingo-Vidal, M., Tanson, K., Philp, N., Curry, J. and Mar-
tinez-Outschoorn, U. (2017) Metabolic Coupling and the Reverse Warburg Effect in
Cancer: Implications for Novel Biomarker and Anticancer Agent Development.

Seminars in Oncology, 44, 198-203.
https://doi.org/10.1053/j.seminoncol.2017.10.004

DOI: 10.4236/0jbiphy.2024.142009

232 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.2190/BKDL-N7DB-BDW8-DPYY
https://doi.org/10.1007/BF01918335
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahukewi03ampryeeaxwahf0hhfrlcoiqfnoeca8qaq&url=https%3a%2f%2ftheory.stanford.edu%2f%7Etim%2fpapers%2frouting.pdf&usg=aovvaw1n8hpm_urhlxripqvecgbu&opi=89978449m
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahukewi03ampryeeaxwahf0hhfrlcoiqfnoeca8qaq&url=https%3a%2f%2ftheory.stanford.edu%2f%7Etim%2fpapers%2frouting.pdf&usg=aovvaw1n8hpm_urhlxripqvecgbu&opi=89978449m
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahukewi03ampryeeaxwahf0hhfrlcoiqfnoeca8qaq&url=https%3a%2f%2ftheory.stanford.edu%2f%7Etim%2fpapers%2frouting.pdf&usg=aovvaw1n8hpm_urhlxripqvecgbu&opi=89978449m
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahukewi03ampryeeaxwahf0hhfrlcoiqfnoeca8qaq&url=https%3a%2f%2ftheory.stanford.edu%2f%7Etim%2fpapers%2frouting.pdf&usg=aovvaw1n8hpm_urhlxripqvecgbu&opi=89978449m
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahukewi03ampryeeaxwahf0hhfrlcoiqfnoeca8qaq&url=https%3a%2f%2ftheory.stanford.edu%2f%7Etim%2fpapers%2frouting.pdf&usg=aovvaw1n8hpm_urhlxripqvecgbu&opi=89978449m
https://doi.org/10.1080/13813450600711243
https://doi.org/10.1016/0167-2789(90)90039-R
https://www.aps.org/publications/apsnews/201105/cancerbacteria.cfm
https://doi.org/10.1038/bjc.2017.398
https://doi.org/10.1002/bies.202000305
https://doi.org/10.3390/cancers3033002
https://doi.org/10.1038/s41416-018-0091-0
https://doi.org/10.4161/cc.8.23.10238
https://doi.org/10.1053/j.seminoncol.2017.10.004

A. Szasz, G. P. Szigeti

[317]

[318]

[319]

[320]

[321]

[322]

[323]

[324]

[325]

[326]

[327]

[328]

[329]

[330]

[331]

[332]

[333]

Folkman, J. (1971) Tumor Angiogenesis: Therapeutic Implications. New England
Journal of Medicine, 285, 1182-1186.
https://doi.org/10.1056/NEJM197111182852108

Folkman, J. (1984) Angiogenesis. In: Jaffe, E.A., Ed., Biology of Endothelial Cells,
Nijhoff, Boston, 412-428. https://doi.org/10.1007/978-1-4613-2825-4_42

Kozlov, A.P. (2022) Mammalian Tumor-Like Organs. 2. Mammalian Adipose Has
Many Tumor Features and Obesity Is a Tumor-Like Process. Infectious Agents and
Cancer, 17, Article No. 15. https://doi.org/10.1186/s13027-022-00423-5

Huang, L., Holtzinger, A., Jagan, I., BeGora, M., Lohse, I., Ngai, N., Nostro, C,,
Wang, R., Muthuswamy, L.B., Crawford, H.C., ef al (2015) Ductal Pancreatic Can-
cer Modeling and Drug Screening Using Human Pluripotent Stem Cell- and Pa-
tient-Derived Tumor Organoids. Nature Medicine, 21, 1364-1371.
https://doi.org/10.1038/nm.3973

Bloch, N. and Harel, D. (2016) The Tumor as an Organ: Comprehensive Spatial and
Temporal Modeling of the Tumor and Its Microenvironment. BMC Bioinformatics,
17, Article No. 317. https://doi.org/10.1186/s12859-016-1168-5

Egeblad, M., Nakasone, E.S. and Werb, Z. (2010) Tumors as Organs: Complex Tis-
sues That Interface with the Entire Organism. Developmental Cell, 18, 884-901.
https://doi.org/10.1016/j.devcel.2010.05.012

Slominski, R.M., Raman, C., Chen, J.Y. and Slominskyi, A.T. (2023) How Cancer
Hijacks the Body’s Homeostasis through the Neuroendocrine System. Trends in
Neurosciences, 46, 263-275. https://doi.org/10.1016/j.tins.2023.01.003

Minnaar, C.A., Szasz, A., Lee, S.Y., Szigeti, Gy.P, Szasz, A.M. and Mathe, D. (2022)
Supportive and Palliative Care in Cancer Therapies—Path from Tumor-Driven

Therapies to Patient-Driven Ones. International Journal of Clinical Medicine, 13,
287-359. https://doi.org/10.4236/ijcm.2022.137024

Zhang, J., Spdth, S.S., Marjani, S.L., Zhang, W. and Pan, X. (2018) Characterization
of Cancer Genomic Heterogeneity by Next-Generation Sequencing Advances Preci-

sion Medicine in Cancer Treatment. Precision Clinical Medicine, 1, 29-48.
https://doi.org/10.1093/pcmedi/pby007

Sinha, S., Li, X. and Thirumalai, D. (2022) Statistical Mechanical Theory for Spa-
tio-Temporal Evolution of Intra-Tumor Heterogeneity in Cancers: Analysis of Mul-
tiregion Sequencing Data. https://doi.org/10.1101/2022.02.19.481164

Lee, S.-Y., Lorant, G., Grand, L. and Szasz, A.M. (2023) The Clinical Validation of
Modulated Electro-Hyperthermia (MEHT). Cancers, 15, Article No. 4569.
https://doi.org/10.3390/cancers15184569

Bosch, F.X,, Gill, P.G., Hamilton, C.R., Hossfeld, D.K., Sherman, C.D. and Love, R.R.
(2013) Manual of Clinical Oncology. Springer Verlag, Berlin, 602 p.

King, R.J.B. and Robins, M.W. (2016) Cancer Biology. Benjamin Cummings Publ,,
San Francisco.

Tannock, LF., Hill, R.P., Bristow, R.G. and Harrington, L. (2013) The Basic Science
of Oncology. McGraw-Hill, London.

Fisher, J.C. (1958) Multiple Mutation Theory of Carcionogenesis. Nature, 181,
651-652. https://doi.org/10.1038/181651b0

Muller, H.J. (1951) Radiation Damage to the Genetic Material. Science Progress, 7,
93-165.

Suther, J.V. and Bailar III, J.C. (1984) The Multihit Model of Carcinogenesis: Eti-
ologic Implications for Colon Cancer. Journal of Chronic Diseases, 37, 465-480.

DOI: 10.4236/0jbiphy.2024.142009

233 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1056/NEJM197111182852108
https://doi.org/10.1007/978-1-4613-2825-4_42
https://doi.org/10.1186/s13027-022-00423-5
https://doi.org/10.1038/nm.3973
https://doi.org/10.1186/s12859-016-1168-5
https://doi.org/10.1016/j.devcel.2010.05.012
https://doi.org/10.1016/j.tins.2023.01.003
https://doi.org/10.4236/ijcm.2022.137024
https://doi.org/10.1093/pcmedi/pby007
https://doi.org/10.1101/2022.02.19.481164
https://doi.org/10.3390/cancers15184569
https://doi.org/10.1038/181651b0

A. Szasz, G. P. Szigeti

[334]

[335]

[336]

[337]

[338]

[339]

[340]

[341]

[342]

[343]

[344]

[345]

[346]

[347]

[348]

[349]

https://doi.org/10.1016/0021-9681(84)90030-4

Weinberg, R.A. (2014) Coming Full Circle—From Endless Complexity to Simplicity
and Back Again. Cell, 157, 267-271. https://doi.org/10.1016/j.cell.2014.03.004

Fisher, J.C. and Hollomon, J.H. (1951) A Hypothesis for the Origin of Cancer Foci.
Cancer, 4,916-918.
https://doi.org/10.1002/1097-0142(195109)4:5<916::AID-CNCR2820040504>3.0.C
0;2-7

Martinez-Jiménez, F., Muinos, F., Sentis, I., Deu-Pons, J., Reyes-Salazar, 1., et al
(2020) A Compendium of Mutational Cancer Driver Genes. Nature Reviews Cancer,
20, 555-572. https://doi.org/10.1038/s41568-020-0290-x

Peto, R. (2016) Epidemiology, Multistage Models, and Short-Term Mutagenicity
Tests. International Journal of Epidemiology, 45, 621-637.
https://doi.org/10.1093/ije/dyv199

Peto, R., Darby, S., Deo, H., Silcocks, P., Whitley, E. and Doll, R. (2000) Smoking,
Smoking Cessation, and Lung Cancer in the UK since 1950, Combination of Na-
tional Statistics with Two Case-Control Studies. British Medical Journal, 321,
323-329. https://doi.org/10.1136/bmj.321.7257.323

Beckman, R.A. and Loeb, L.A. (2005) Genetic Instability in Cancer: Theory and Ex-
periment. Seminars in Cancer Biology, 15, 423-435.
https://doi.org/10.1016/j.semcancer.2005.06.007

Jemal, A., Tiwari, R.C., Murray, T., Ghafoor, A., Samuels, A., Ward, E., e al (2004)
Cancer Statistics. CA: Cancer Journal for Clinicians, 54, 8-29.
https://doi.org/10.3322/canjclin.54.1.8

Avgerinos, D.V. and Bjornsson, J. (2001) Malignant Neoplasms: Discordance be-
tween Clinical Diagnoses and Autopsy Findings in 3,118 Cases. APMIS Journal of
Pathology, Microbiology and Immunology, 109, 774-780.
https://doi.org/10.1034/j.1600-0463.2001.d01-145.x

Folkman, J. and Kalluri, R. (2004) Cancer without Disease. Nature, 427, 787.
https://doi.org/10.1038/427787a

Vineis, P. and Berwick, M. (2006) The Population Dynamics of Cancer: A Darwi-
nian Perspective. International Journal of Epidemiology, 35, 1151-1159.
https://doi.org/10.1093/ije/dyl185

Breivik, J. (2016) Reframing the “Cancer Moonshot™: How Experts and
Non-Experts Interpret the Problem of Cancer. EMBO Reports, 17, 1685-1687.
https://doi.org/10.15252/embr.201643467

Meza, R., Jeon, J., Moolgavkar, S.H. and Luebeck, E.G. (2008) Age-Specific Inci-
dence of Cancer: Phases, Transitions, and Biological Implications. Proceedings of
the National Academy of Sciences in the United States of America, 105, 16284-
16289. https://doi.org/10.1073/pnas.0801151105

Dunstan, R. (1981) A Note on the “Sixth Power Law” of Carcinogenesis. Mathe-
matical Biosciences, 58, 185-188.
https://doi.org/10.1016/0025-5564(82)90072-4

Armitage, P. and Doll, R. (1961) Stochasitc Models for Carcinogenesis. London
School of Hygene and Tropical Medicine, London.

Whittemore, A. and Keller, J.B. (1978) Quantitative Theories of Carcinogenesis.
SIAM Review, 20, 1-30. https://doi.org/10.1137/1020002

Armitrage, P. and Doll, R. (1954) The Age Distribution of Cancer and a Multi-Stage
Theory of Carcinogenesis. British Journal of Cancer, 8, 1-12.

DOI: 10.4236/0jbiphy.2024.142009

234 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/0021-9681(84)90030-4
https://doi.org/10.1016/j.cell.2014.03.004
https://doi.org/10.1002/1097-0142(195109)4:5%3C916::AID-CNCR2820040504%3E3.0.CO;2-7
https://doi.org/10.1002/1097-0142(195109)4:5%3C916::AID-CNCR2820040504%3E3.0.CO;2-7
https://doi.org/10.1038/s41568-020-0290-x
https://doi.org/10.1093/ije/dyv199
https://doi.org/10.1136/bmj.321.7257.323
https://doi.org/10.1016/j.semcancer.2005.06.007
https://doi.org/10.3322/canjclin.54.1.8
https://doi.org/10.1034/j.1600-0463.2001.d01-145.x
https://doi.org/10.1038/427787a
https://doi.org/10.1093/ije/dyl185
https://doi.org/10.15252/embr.201643467
https://doi.org/10.1073/pnas.0801151105
https://doi.org/10.1016/0025-5564(82)90072-4
https://doi.org/10.1137/1020002

A. Szasz, G. P. Szigeti

[350]

[351]

[352]

[353]

[354]

[355]

[356]

[357]

[358]

[359]

[360]

[361]

[362]

[363]

[364]

[365]

[366]

[367]

https://doi.org/10.1038/bjc.1954.1

Lichtenstein, A.V. (2014) Cancer Research: A Hurdle Race. Biochemistry, 79, 385-
390. https://doi.org/10.1134/S0006297914050010

Lichtenstein, A.V. (2017) Cancer: Bad Luck or Punishment? Biochemistry, 82,
75-80. https://doi.org/10.1134/S0006297917010084

Tomasetti, C. and Vogelstein, B. (2015) Variation in Cancer Risk among Tissues
Can Be Explained by the Number of Stem Cell Divisions. Science, 347, 78-81.
https://doi.org/10.1126/science.1260825

Wu, S., Powers, S., Zhu, W. and Hannun, Y.A. (2015) Substantial Contribution of
Extrinsic Risk Factors to Cancer Development. Nature, 529, 43-47.
https://doi.org/10.1038/naturel6166

Raff, M.C. (1992) Social Controls on Cell Survival and Death. Nature, 356, 397-400.
https://doi.org/10.1038/356397a0

Nordling, C.O. (1953) A New Theory on the Cancer-Inducing Mechanism. British
Journal of Cancer, 7, 68-72. https://doi.org/10.1038/bjc.1953.8

Szasz, A. (2024) Peto’s “Paradox” and Six Degrees of Cancer Prevalence. Cells, 13,
Article No. 197. https://doi.org/10.3390/cells13020197

Lichtenstein, A.V. (2005) On Evolutionary Origin of Cancer. Cancer Cell Interna-
tional, 5, Article No. 5. https://doi.org/10.1186/1475-2867-5-5

Hummert, S., Bohl, K., Basanta, D., Deutsch, A., Werner, S., Theissen, G., Schroeter,
A. and Schuster, S. (2014) Evolutionary Game Theory: Cells as Players. Molecular
Biosystems, 10, 3044-3065. https://doi.org/10.1039/C3MB70602H

Basanta, D., Simon, M., Hatzikirou, H. and Deutsch, A. (2008) Evolutionary Game
Theory Elucidates the Role of Glycolysis in Glioma Progression and Invasion. Cel/
Proliferation, 41, 980-987. https://doi.org/10.1111/j.1365-2184.2008.00563.x

Bukkuri, A. and Brown, J.S. (2021) Evolutionary Game Theory: Darwinian Dynam-
ics and the G Function Approach. Games, 12, Article No. 72.
https://doi.org/10.3390/g12040072

Wolfl, B., Te Rietmole, H., Salvioli, M., Kaznatcheev, A., Thuijsman, F., Brown, J.S.,
Burgering, B. and Stankovd, K. (2022) The Contribution of Evolutionary Game

Theory to Understanding and Treating Cancer. Dynamic Games and Applications,
12, 313-342. https://doi.org/10.1007/s13235-021-00397-w

Laruelle, A., Rocha, A., Manini, C., Lépez, J.I. and Inarra, E. (2023) Effects of Hete-
rogeneity on Cancer: A Game Theory Perspective. Bulletin of Mathematical Biology,
85, Article No. 72. https://doi.org/10.1007/s11538-023-01178-9

Gatenby, R.A., Gawlinski, E.T., Gmitro, A.F., Kaylor, B. and Gillies, R.]. (2006) Ac-
id-Mediated Tumor Invasion: A Multidisciplinary Study. Cancer Research, 66,
5216-5223. https://doi.org/10.1158/0008-5472.CAN-05-4193

Kareva, I. (2011) Prisoner’s Dilemma in Cancer Metabolism. PLOS ONE, 6, €28576,
1-9. https://doi.org/10.1371/journal.pone.0028576

Archetti, M. and Pienta, K.J. (2019) Cooperation among Cancer Cells: Applying
Game Theory to Cancer. Nature Reviews. Cancer, 19, 110-117.
https://doi.org/10.1038/s41568-018-0083-7

Merlo, L.M., Pepper, ].W., Reid, B.J. and Maley, C.C. (2006) Cancer as an Evolutio-
nary and Ecological Process. Nature Reviews. Cancer, 6, 924-935.
https://doi.org/10.1038/nrc2013

Marsh, D. and Zori, R. (2002) Genetic Insights into Familial Cancers—Update and

DOI: 10.4236/0jbiphy.2024.142009

235 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1038/bjc.1954.1
https://doi.org/10.1134/S0006297914050010
https://doi.org/10.1134/S0006297917010084
https://doi.org/10.1126/science.1260825
https://doi.org/10.1038/nature16166
https://doi.org/10.1038/356397a0
https://doi.org/10.1038/bjc.1953.8
https://doi.org/10.3390/cells13020197
https://doi.org/10.1186/1475-2867-5-5
https://doi.org/10.1039/C3MB70602H
https://doi.org/10.1111/j.1365-2184.2008.00563.x
https://doi.org/10.3390/g12040072
https://doi.org/10.1007/s13235-021-00397-w
https://doi.org/10.1007/s11538-023-01178-9
https://doi.org/10.1158/0008-5472.CAN-05-4193
https://doi.org/10.1371/journal.pone.0028576
https://doi.org/10.1038/s41568-018-0083-7
https://doi.org/10.1038/nrc2013

A. Szasz, G. P. Szigeti

[368]

[369]

[370]

[371]

[372]

[373]

[374]

[375]

[376]

[377]

[378]

[379]

[380]

[381]

[382]

[383]

Recent Discoveries. Cancer Letters, 181, 125-164.
https://doi.org/10.1016/S0304-3835(02)00023-X

Kelly, T.L. and Trasler, ].M. (2004) Reproductive Epigenetics. Clinical Genetics, 65,
247-260. https://doi.org/10.1111/j.0009-9163.2004.00236.x

Feinberg, A.P. and Tycko, B. (2004) The History of Cancer Epigenetics. Nature Re-
views. Cancer, 4, 143-153. https://doi.org/10.1038/nrc1279

Kinzler, K.W. and Vogelstein, B. (1997) Cancer-Susceptibility Genes. Gatekeepers
and Caretakers. Nature, 386, 761-763. https://doi.org/10.1038/386761a0

Cahill, D.P., Kinzler, K.-W., Vogelstein, B. and Lengauer, C. (1999) Genetic Instability
and Darwinian Selection in Tumours. Trends in Cell Biology; 9, M57-M60.
https://doi.org/10.1016/S0962-8924(99)01661-X

Khong, H.T. and Restifo, N.P. (2002) Natural Selection of Tumor Variants in the
Generation of “Tumor Escape” Phenotypes. Nature Immunology, 3, 999-1005.
https://doi.org/10.1038/ni1102-999

McKenzie, G.J., Lee, P.L., Lombardo, M.J., Hastings, P.J. and Rosenberg, S.M. (2001)
SOS Mutator DNA Polymerase IV Functions in Adaptive Mutation and Not Adap-
tive Amplification. Molecular Cell, 7, 571-579.
https://doi.org/10.1016/S1097-2765(01)00204-0

Breivik, J. and Gaudernack, G. (2004) Resolving the Evolutionary Paradox of Ge-
netic Instability: A Cost-Benefit Analysis of DNA Repair in Changing Environ-
ments. FEBS Letters, 563, 7-12.

https://doi.org/10.1016/50014-5793(04)00282-0

Sniegowski, P.D., Gerrish, P.]., Johnson, T. and Shaver, A. (2000) The Evolution of
Mutation Rates: Separating Causes from Consequences. Bioessays, 22, 1057-1066.
https://doi.org/10.1002/1521-1878(200012)22:12<1057::AID-BIES3>3.0.CO;2-W

Wilke, C.O. and Adami, C. (2003) Evolution of Mutational Robustness. Mutation
Research, 522, 3-11. https://doi.org/10.1016/S0027-5107(02)00307-X

Meadows, A.T. (2001) Second Tumours. Furopean Journal of Cancer, 37, 2074-
2079. https://doi.org/10.1016/S0959-8049(01)00264-7

Rodin, S.N. and Rodin, A.S. (2000) Human Lung Cancer and P53, the Interplay
between Mutagenesis and Selection. Proceedings of the National Academy of
Science of the United States of America, 97, 12244-12249.
https://doi.org/10.1073/pnas.180320897

Breivik, J. (2001) Don’t Stop for Repairs in a War Zone: Darwinian Evolution Un-
ites Genes and Environment in Cancer Development. Proceedings of the National
Academy of Sciences of the United States of America, 98, 5379-5381.
https://doi.org/10.1073/pnas.101137698

Nowak, M.A., Komarova, N.L., Sengupta, A., Jallepalli, P.V., Shih, .M., Vogelstein,
B. and Lengauer, C. (2002) The Role of Chromosomal Instability in Tumor Initia-
tion. Proceedings of the National Academy of Science of the United States of Amer-
ica, 99, 16226-16231. https://doi.org/10.1073/pnas.202617399

Sundaram, G.M., Quah, S. and Sampath, P. (2018) Cancer: The Dark Side of
Wound Healing. The FEBS Journal, 285, 4516-4534.
https://doi.org/10.1111/febs.14586

Schafer, M. and Werner, S. (2008) Cancer as an Overhealing Wound: An Old Hy-
pothesis Revisited. Nature Reviews. Molecular Cell Biology, 9, 628-638.
https://doi.org/10.1038/nrm2455

Dvorak, H.F. (2015) Tumors: Wounds That Do Not Heal—Redux. Cancer Immu-

DOI: 10.4236/0jbiphy.2024.142009

236 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1016/S0304-3835(02)00023-X
https://doi.org/10.1111/j.0009-9163.2004.00236.x
https://doi.org/10.1038/nrc1279
https://doi.org/10.1038/386761a0
https://doi.org/10.1016/S0962-8924(99)01661-X
https://doi.org/10.1038/ni1102-999
https://doi.org/10.1016/S1097-2765(01)00204-0
https://doi.org/10.1016/S0014-5793(04)00282-0
https://doi.org/10.1002/1521-1878(200012)22:12%3C1057::AID-BIES3%3E3.0.CO;2-W
https://doi.org/10.1016/S0027-5107(02)00307-X
https://doi.org/10.1016/S0959-8049(01)00264-7
https://doi.org/10.1073/pnas.180320897
https://doi.org/10.1073/pnas.101137698
https://doi.org/10.1073/pnas.202617399
https://doi.org/10.1111/febs.14586
https://doi.org/10.1038/nrm2455

A. Szasz, G. P. Szigeti

[384]

[385]

[386]

[387]

[388]

[389]

[390]

[391]

[392]

[393]

[394]

[395]

[396]

nology Research, 3, 1-11. https://doi.org/10.1158/2326-6066.CIR-14-0209

Gionzalez, H., Hagerling, C. and Werb, Z. (2018) Roles of the Immune System in
Cancer: From Tumor Initiation to Metastatic Progression. Genes and Development,
32, 1267-1284. https://doi.org/10.1101/gad.314617.118

Feng, Y., Santoriello, C., Mione, M., Hurlstone, A. and Martin, P. (2010) Live Im-
aging of Innate Immune Cell Sensing of Transformed Cells in Zebrafish Larvae:
Parallels between Tumor Initiation and Wound Inflammation. PLoS Biology; 8,
€1000562. https://doi.org/10.1371/journal.pbio.1000562

Lineweaver, C.H., Davies, P.C.W. and Vincent, M.D. (2014) Targeting Cancer’s
Weaknesses (Not Its Strengths): Therapeutic Strategies Suggested by the Atavistic
Model. Bioessays, 36, 827-835. https://doi.org/10.1002/bies.201400070

Cloutier, M. and Wang, E. (2011) Dynamic Modeling and Analysis of Cancer Cel-
lular Network Motifs. Integrative Biology (Camb), 3, 724-732.
https://doi.org/10.1039/c0ib00145¢g

Andocs, G., Rehman, M.U., Zhao, Q.-L., Tabuchi, Y., Kanamori, M. and Kondo, T.
(2016) Comparison of Biological Effects of Modulated Electro-Hyperthermia and
Conventional Heat Treatment in Human Lymphoma U937 Cell. Cell Death Dis-
covery (Nature Publishing Group), 2, Article No. 16039.
https://doi.org/10.1038/cddiscovery.2016.39

Szasz, A. and Szasz, O. (2020) Ch. 17. Time-Fractal Modulation of Modulated Elec-
tro-Hyperthermia (MEHT). In: Szasz, A., Ed., Challenges and Solutions of Onco-
logical Hyperthermia, Cambridge Scholars, Newcastle upon Tyne, 377-415.

https://www.cambridgescholars.com/challenges-and-solutions-of-oncological-hype

rthermia

Szasz, A. (2022) Time-Fractal Modulation-Possible Modulation Effects in Human
Therapy. Open Journal of Biophysics, 12, 38-87.
https://doi.org/10.4236/0jbiphy.2022.121003

Papp, E., Vancsik, T., Kiss, E. and Szasz, O. (2017) Energy Absorption by the Mem-
brane Rafts in the Modulated Electro-Hyperthermia (MEHT). Open Journal of Bi-
ophysics, 7, 216-229. https://doi.org/10.4236/0jbiphy.2017.74016

Szasz, A. (2022) Heterogeneous Heat Absorption Is Complementary to Radiothe-
rapy. Cancers, 14, Article No. 901.
https://doi.org/10.3390/cancers14040901

Lee, S.Y. and Szasz, A. (2022) Immunogenic Effect of Modulated Electro- Hyper-
thermia (MEHT) in Solid Tumors. In: Interdisciplinary Cancer Research, Springer,
Cham, 1-28. https://doi.org/10.1007/16833_2022_74

Kim, J.-K., Prasad, B. and Kim, S. (2017) Temperature Mapping and Thermal Dose
Calculation in Combined Radiation Therapy and 13.56 MHz Radiofrequency
Hyperthermia for Tumor Treatment. Proceedings SPIE 10047, Optical Methods for
Tumor Treatment and Detection: Mechanisms and Techniques in Photodynamic
Therapy XX VI, Volume 10047, Article ID: 1004718.
https://doi.org/10.1117/12.2253163

Andocs, G., Meggyeshazi, N., Balogh, L., ef al (2014) Upregulation of Heat Shock
Proteins and the Promotion of Damage-Associated Molecular Pattern Signals in a
Colorectal Cancer Model by Modulated Electrohyperthermia. Cel/ Stress and Cha-
perones, 20, 37-46. https://doi.org/10.1007/s12192-014-0523-6

Krenacs, T., Meggyeshazi, N., et al (2020) Modulated Electro-Hyperthermia- In-
duced Tumor Damage Mechanisms Revealed in Cancer Models. International
Journal of Molecular Sciences, 21, Article No. 6270.

DOI: 10.4236/0jbiphy.2024.142009

237 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.1158/2326-6066.CIR-14-0209
https://doi.org/10.1101/gad.314617.118
https://doi.org/10.1371/journal.pbio.1000562
https://doi.org/10.1002/bies.201400070
https://doi.org/10.1039/c0ib00145g
https://doi.org/10.1038/cddiscovery.2016.39
https://www.cambridgescholars.com/challenges-and-solutions-of-oncological-hyperthermia
https://www.cambridgescholars.com/challenges-and-solutions-of-oncological-hyperthermia
https://doi.org/10.4236/ojbiphy.2022.121003
https://doi.org/10.4236/ojbiphy.2017.74016
https://doi.org/10.3390/cancers14040901
https://doi.org/10.1007/16833_2022_74
https://doi.org/10.1117/12.2253163
https://doi.org/10.1007/s12192-014-0523-6

A. Szasz, G. P. Szigeti

[397]

[398]

[399]

[400]

[401]

[402]

[403]

[404]

[405]

https://doi.org/10.3390/ijms21176270

Vancsik, T., Kovago, Cs., Kiss, E., et al (2018) Modulated Electro-Hyperthermia
Induced Loco-Regional and Systemic Tumor Destruction in Colorectal Cancer Al-
lografts. Journal of Cancer, 9, 41-53. https://doi.org/10.7150/jca.21520

Minnaar, C.A., Maposa, I, Kotzen, J.A. and Baeyens, A. (2022) Effects of Modulated
Electro-Hyperthermia (MEHT) on Two and Three Year Survival of Locally Ad-
vanced Cervical Cancer Patients. Cancers, 14, Article No. 656.
https://doi.org/10.3390/cancers14030656

Minnaar, C.A., Kotzen, J.A., Naidoo, T., et al (2020) Analysis of the Effects of
MEHT on the Treatment-Related Toxicity and Quality of Life of HIV-Positive Cer-
vical Cancer Patients. International Journal of Hyperthermia, 37, 263-272.
https://doi.org/10.1080/02656736.2020.1737253

Ou, J., Zhu, X., Lu, Y., et al. (2017) The Safety and Pharmacokinetics of High Dose
Intravenous Ascorbic Acid Synergy with Modulated Electrohyperthermia in Chi-

nese Patients with Stage III-IV Non-Small Cell Lung Cancer. European Journal of
Pharmaceutical Sciences, 109, 412-418. https://doi.org/10.1016/j.ejps.2017.08.011

Minnaar, C.A., Kotzen, J.A., Ayeni, O.A., et al. (2020) Potentiation of the Abscopal
Effect by Modulated Electro-Hyperthermia in Locally Advanced Cervical Cancer

Patients. Frontiers in Oncology; 10, Article No. 376.
https://doi.org/10.3389/fonc.2020.00376

Szasz, A.M., Minnaar, C.A., Szentmartoni, Gy., et al (2019) Review of the Clinical
Evidences of Modulated Electro-Hyperthermia (MEHT) Method: An Update for the
Practicing Oncologist. Frontiers in Oncology; 9, Article No. 1012.
https://doi.org/10.3389/fonc.2019.01012

Chi, M.-S., Mehta, M.P., Yang, K.-L., et al. (2020) Putative Abscopal Effect in Three
Patients Treated by Combined Radiotherapy and Modulated Electrohyperthermia.
Frontiers in Oncology, 10, Article No. 254. https://doi.org/10.3389/fonc.2020.00254

Ou, J., Zhu, X., Chen, P, et al (2020) A Randomized Phase II Trial of Best Suppor-
tive Care with or without Hyperthermia and Vitamin C for Heavily Pretreated, Ad-

vanced, Refractory Non-Small-Cell Lung Cancer. Journal of Advanced Research, 24,
175-182. https://doi.org/10.1016/j.jare.2020.03.004

Minnaar, C.A.,, Szigeti, G.P., Szasz, A.M. and Kotzen, J.A. (2022) Review on the Use
of Modulated Electro-Hyperthermia as a Stand-Alone Therapy in a Palliative Set-
ting: Potential for Further Research? Journal of Cancer Therapy;, 13, 362-377.
https://doi.org/10.4236/jct.2022.136032

DOI: 10.4236/0jbiphy.2024.142009

238 Open Journal of Biophysics


https://doi.org/10.4236/ojbiphy.2024.142009
https://doi.org/10.3390/ijms21176270
https://doi.org/10.7150/jca.21520
https://doi.org/10.3390/cancers14030656
https://doi.org/10.1080/02656736.2020.1737253
https://doi.org/10.1016/j.ejps.2017.08.011
https://doi.org/10.3389/fonc.2020.00376
https://doi.org/10.3389/fonc.2019.01012
https://doi.org/10.3389/fonc.2020.00254
https://doi.org/10.1016/j.jare.2020.03.004
https://doi.org/10.4236/jct.2022.136032

	Exploring Biocomplexity in Cancer: A Comprehensive Review
	Abstract
	Keywords
	1. The Biological Regulation—Homeostasis
	2. Self-Organization
	2.1. Energetics
	2.2. “Democracy” and “Autocracy” in the Living Complexity
	2.3. Morphogenesis
	2.4. Networking in Living Objects
	2.5. The Game—Fight for Resources

	3. The Cancer
	3.1. Cancer Morphogenesis
	3.2. Cancer Networks
	3.3. The Aging
	3.4. Does the Tumor Have Atavistic Features, Or Is It a New Organ?
	3.5. Cancer Prevalence
	3.6. The Cancer Game
	3.7. Cancer Treatment Considering Complexity

	4. Conclusions
	Funding
	Conflicts of Interest
	References

