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A B S T R A C T

Complex systems – such as ecosystems – display non-linear, self-organizing behaviors that go beyond simple 
cause-effect relationships among individual components: the presence of feedback networks enables responses 
and adaptations that can only be understood by "zooming out" to wider perspectives. In this regard, moving from 
general systems theory and thermodynamics, H.T. Odum made lasting contributions in developing a quantitative 
approach for understanding the nature of these fundamental relationships and the dynamical representation of 
their emergent properties. Among all the realms in which his work was source of novel and influential ideas (e.g., 
ecology, energy, economics), a new possibility, still underexplored, appears applying the energy system language 
to study complex biomedical systems. In this framework, complex diseases such incurable cancers and as self- 
immune diseases arise as systemic features, manifesting the malfunctioning of regulatory control processes 
and the interactions/crosstalk between cells and their micro-environment. We provide a conceptualization of 
how Odum’s heritage can help to address the complexity of these malignant, complex ecosystem, laying the 
foundation for an analytical, dynamical representation of a Disease Digital-Twin, focusing on the evolutionary 
scenarios for classes of diseases, at different hierarchical and timescales. Finally, we discuss how using data 
coming from innovative experimental techniques (small Tumor Ecosystems) provides powerful tools for devel
oping a holistic framework for patients’ treatment and general individual health care.

1. Introduction

The history of science is rich with instances where the study of the 
invisible world, made possible through the use of different "micro
scopes", led to pivotal advancements in human civilization stem (Noble 
et al., 2025). Gradually but consistently, a new understanding of Na
ture’s structure and function emerged as an intricate system of nested 
sub-systems and components; for this reason, intrinsically reductionist 
approaches are facing criticism and limitations in fields such as 

medicine, biology and genetics, due to their inability to fully capture the 
emerging complexity (van Regenmortel, 2004). In fact, many diseases, 
such as cancers, neurodegenerative disorders and autoimmune condi
tions involve intricate interactions between multiple genes and envi
ronmental factors, showing systemic responses which cannot be 
effectively addressed by targeting isolated pathways (Chen and Song, 
2022). In this context, it becomes increasingly clear that broader, more 
integrative approaches are necessary to grasp the full picture of patho
logical processes (Capra and Luisi, 2014; Dantzer et al., 2012).
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A promising theoretical foundation for this expanded view lies in the 
work of Howard T. Odum, whose ecological modeling and energy lan
guage were designed to capture the systemic interdependencies in eco
systems (Odum, 1971). Ecological modeling provides methods – such as 
stock-flow diagrams and non-linear dynamic analyses – that can quan
tify the temporal and spatial distribution of resources, interactions and 
feedbacks within a complex ecosystem (Odum and Odum, 2000). In 
ecology, energy and matter are traced through trophic levels, where 
populations of organisms consume and transform resources within 
feedback-driven networks that ultimately determine the stability or 
collapse of the entire ecosystem. In this regard, Odum’s perspective, 
while originally developed for ecological communities, offers a powerful 
"macroscope" through which one can interpret the interlinked processes 
in new and interesting contexts (Odum and Odum, 2000).

From a biological perspective, the last 50 years have brought 
consistent advancement for finding the mechanisms through which 
living systems interact with their respective environment (intended as 
umwelt, Schroer, 2019), a new body of knowledge known as Develop
mental Ecology. Also called eco-devo, it states that the dynamic evolu
tion of living systems is shaped by integrating signals from the 
environment through epigenetic interactions (Agarwal et al., 2024). The 
environment is thus not seen merely as a filter selecting variations 
already existing in DNA, but is a source of variation itself, allowing a 
developing organism to produce different and fitter phenotypes. Dis
eases, such as cancer and degenerative disorders, can be then seen as 
developmental pathologies (Gilbert and Epel, 2015); organisms are 
perceived as complex ecosystems at different hierarchical levels, which 
shape the environment around them to develop more favorable features.

At the interface between systems ecology, biophysics and eco-devo, 
we show that complex diseases can be conceptualized as self- 
organizing "malfunctioning ecosystems", encompassing heterogeneous 
populations of tumor cells, stromal cells, immune effectors and extra
cellular matrix components – all of which exchange signals and re
sources in a dynamically evolving environment. Aided by the 
quantitative approach given by stock-flow formalism (Odum, 2007; 
Meadows, 2008), we build a conceptual framework aimed at building 
models for the dynamical descriptions of complex pathologies, laying 
the ground for analytical representations of different evolutionary sce
narios of diseases and the study of systemic leverage points (Conte et al., 
2023; Romano et al., 2021), ultimately setting up disease-digital-twins. 
Drug resistance, metastasis, angiogenesis and immune evasion, all 
commonly recognized hallmarks for cancerous diseases (Hanahan, 
2022) emerge in this context as properties of a complex networked 
structure regulated by feedback loops (Capra and Luisi, 2014).

In the following, we will highlight the method underlying the con
struction of this models for microbiological approaches, focusing our 
attention on ecological hierarchies of description, abstract disease rep
resentation and computational modeling. In conclusion, we discuss how 
to integrate data from existing biomedical and biological knowledge in 
systemic models. In particular, contemporary experimental advances in 
medical cancer studies, including novel biological models (Lambrecht, 
1996) like 3D co-cultures of Organoids (Clevers 2016), integrated with 
Microfluidics and Confocal Microscopy (Jeong et al., 2016), demon
strated the feasibility of recreating a small "tumor microcosms" (Shang 
et al., 2019) for performing quantitative biophysical measures and 
estimating model structural parameters (Jonkman et al., 2020).

From a Translational Medicine perspective, this work provides a 
powerful paradigm for bridging basic science discoveries with clinical 
applications. Traditional biomedical research often focuses on reduc
tionist approaches that analyze isolated molecular pathways or cellular 
mechanisms. However, complex diseases—such as cancer, autoimmune 
disorders, and neurodegenerative conditions—arise from the dynamic 
interactions between multiple biological components, spanning various 
hierarchical levels from genes to tissues, organs, and the entire organ
ism. This systems-level vantage potentially helps the design of person
alized treatment strategies aimed at addressing patient-specific needs. 

For example, combining in vitro organoid models and microfluidic co- 
cultures with computational stock-flow analyses can increase under
standing of the evolutionary scenarios and metabolic pressures driving 
drug resistance, guide patient-specific dosage regimens, and identify 
“leverage points” where the disease is especially susceptible to targeted 
interventions (Romano et al., 2021; Guyton and Coleman, 1969). The 
ability to construct digital twins could contribute to increase knowledge 
of diseases development success in therapies, allowing for iterative 
refinement of treatment strategies based on patient-specific biological 
signatures. The strong interdisciplinary context into which this work fits 
in can bridge knowledge gaps between different disciplines, creating a 
new holistic/systemic framework for doing complex diseases research. 
Researchers will gain not only a deeper understanding of the mecha
nisms that underlie complex pathologies, but also a robust, multi-faced 
toolkit for crafting interventions that account for the adaptive, emergent 
behavior characteristic of malignant “ecosystems” in all their applica
tions Fig. 1.

2. Systems thinking and cancer

2.1. Feedback mechanisms in biological and medical systems

Feedback loops are essential for regulating system behavior and 
ensuring stability (Odum, 2007). Odum’s graphic and formal 
tools—such as stock-flow diagrams and emergy algebra—make it 
possible to represent how feedbacks sustain dynamics and adaptive ca
pacity. Furthermore, selective self-organization enables systems to 
harness environmental energy more effectively, as stated by the 
Maximum Empower Principle (Odum, 1996). This dynamic interplay of 
inputs and outputs is central in biomedical contexts: homeostatic sys
tems, such as insulin regulation in response to blood glucose levels 
(Guyton and Coleman, 1969), rely on feedbacks to keep equilibrium. 
Despite these parallels, energy-based modeling and physiological regu
lation have rarely been integrated. In this framework, we can find a 
common ground for describing numerous properties emerging from 
cell-cell and cell-environment interactions as a starting point for 
bridging the two languages.

2.2. The tumor microenvironment as a feedback-driven system

The Tumor Microenvironment (TME) consists of cancerous and non- 
cancerous cells, as well as molecular and structural factors that jointly 
influence tumor behavior (Chen and Song, 2022). The hallmarks of 
cancer are considered core biological capabilities that cancer cells ac
quire during tumorigenesis and include reprogramming cellular meta
bolism, sustaining proliferative signaling and inducing angiogenesis to 
name a few (Hanahan, 2022). TME’s interconnected network un
derscores how hallmark traits – once viewed primarily as cell-intrinsic 
phenomena – are, in fact, emergent properties related to a support 
environment. In the following, we show some examples on how Odum’s 
language can help in representing these emerging properties in terms of 
feedback loops.

2.2.1. Metabolic reprogramming (Autoeutrophication)
Tumor metabolism can alter the environment in ways that feed back 

to influence cell survival. Tumors metabolize differently: unlike normal 
cells, they rely on aerobic glycolysis (the Warburg Effect), meaning they 
ferment glucose into lactate even in the presence of oxygen (Warburg, 
1956). This altered metabolism generates excess protons (H+) and 
lactate, which tumors export into their surroundings. The buildup of H+

and lactate lowers the pH of the surrounding area, making it more 
acidic; this acidic microenvironment is toxic to many normal cells and 
immune cells (e.g., T cells and dendritic cells struggle to function in low 
pH), reducing the body’s natural defense against the tumor. Cancer cells, 
however, adapt to acidic environments through various mechanisms (e. 
g., altered pH regulation, acid-resistant enzymes, (Rahman et al., 
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2024)). The result is a positive feedback loop that favors the tumor: the 
more cancer cells metabolize and acidify the environment, the more 
they suppress local normal cells and immune response, effectively 
carving out a niche safe for tumor expansion. Not so surprisingly, this 
phenomenon is analogous to autoeutrophication in a pond, where an 
algal bloom feeds itself by altering water chemistry to its advantage and 
harming other species (the "cancer swamp" idea of a tumor creating a 
toxic niche) (Amend and Pienta, 2015).

2.2.2. Angiogenesis feedback (Resource supply)
Angiogenesis is the process of forming new blood vessels from pre- 

existing ones. It is a normal process in development, wound healing, 
and tissue repair, but tumors exploit this mechanism to support their 
growth. As a tumor grows, its cells proliferate rapidly; however, blood 
vessels do not automatically expand at the same rate. This leads to a 
situation where the tumor outgrows its existing blood supply, creating 
hypoxia (low oxygen levels) and nutrient deprivation (Zhenzhen et al., 
2017). When cells do not receive enough oxygen, they struggle to sur
vive and function properly. The resulting hypoxia is sensed by cancer 
and stromal cells, which triggers the expression of angiogenic factors 
(like VEGF) by endothelial cells. New blood vessels form in response, 
partially restoring oxygen and nutrients to the tumor. This is a balancing 
feedback loop, a regulatory mechanism where the system addresses the 
resource limitation by trying to correct the deficit.

2.2.3. Autocrine and paracrine loops (Cooperation)
Autocrine signaling happens when a cell produces a signal (e.g., a 

growth factor) that acts on itself, reinforcing its own survival and 
growth. On the other hand, Paracrine signaling happens when a cell 
secretes a signal that acts on neighboring cells in the environment, 
influencing their behavior. In the case of cancer, tumor and stromal cells 
often engage in positive feedback loops that fuel tumor progression and 
proliferation (Bhowmick et al., 2004). For instance, cancer cells may 
secrete growth factors (like EGF, IL-6) that activate nearby stromal cells 
and produce survival signals or other growth factors (like IGF, VEGF) 
that further stimulate cancer cell proliferation or invasion (Joyce et al., 
2009). This cooperative feedback creates a self- sustaining "micro-en
vironmental circuit" – much like certain plants secrete nutrients that 
stimulate microbial partners, which in turn free up more nutrients for 
the plant itself (Bais et al. 2006).

Fig. 2 shows a schematic representation of key feedback loops in 
some of the hallmarks of cancer, depicted using an Odum-inspired stock- 
flow language. Top row illustrates angiogenesis, where cancer cells (red) 
sense low oxygen levels (yellow TME resources, OX), leading to the 
secretion of angiogenic factors (e.g., VEGF). Newly formed blood vessels 
partially restore oxygen and nutrient supply to the tumor, exemplifying 
a balancing feedback loop. Middle row focuses on autocrine-paracrine 
loops, highlighting how cancer cells (red) and cancer-associated fibro
blasts (CAF, also shown in red) exchange growth factors (yellow) that 
reinforce each other’s proliferative and survival signals. This coopera
tive network can create reinforcing (positive) feedback circuits that 
drive tumor expansion. Bottom row depicts competitive metabolism, 
showing how cancer cells rely largely on aerobic glycolysis (Warburg 
Effect), producing acidic by-products (protons, lactate) that suppress 
immune and normal cells (blue), while the tumor adapts to the lower 
pH. This acidification loop, shown by red (reinforcing) arrows, helps 
carve out a niche supportive of cancer growth. The diagram uses color- 
coding – blue for healthy cells, red for cancerous populations, green for 
external/environmental resources, and yellow for TME-specific re
sources or factors – to underscore interactions among different cell types 
and their environment. Symbols denote process flows, stocks (e.g., 
"stock of cancerous-secreted factors"), and feedback loops (R for rein
forcing, B for balancing). This visual language highlights how distinct 
processes (angiogenesis, stromal-tumor communication, and metabolic 
reprogramming) can be captured in a unified stock-flow framework, 
emphasizing the role of countable variables (cell populations, resource 
stocks, fluxes) in modeling complex tumor-environment dynamics.

2.3. Hierarchical levels of description

What is the correct hierarchical level of description for complex 
diseases and their properties? A suitable starting point is to consider the 
concept of levels of organization, mutuated from Systems Ecology, 
visualizing disease hierarchies as an ecological spectrum. Systems 
Ecology describes the hierarchical organization of biological and 
ecological systems, ranging from the simplest units of life to the most 
complex ecological networks. These typically range from the individual 
organism to populations, communities, ecosystems, biomes, and the 
Earth system. Each level exhibits different degrees of regulation and 
stability. For example, organisms are characterized by strong 

Fig. 1. Conceptual framework that integrates ecological, biological, physical and medical knowledge for modelling complex diseases.
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homeostatic mechanisms that maintain internal balance through feed
back regulation (Szasz, 2022) while, in contrast, systems such as pop
ulations or ecosystems display pulsing, nonlinear, and occasionally 
unstable behaviors with looser regulatory controls. From this perspec
tive, disease can be viewed as a system-level deviation from homeo
stasis—a disruption in the body’s internal regulatory mechanisms due to 
internal or external stressors, leading to altered states that compromise 
health. These emerging collective behaviors are normally referred to as 
symptoms in medicine (Capra and Luisi, 2014).

These pathological signs appear at various levels of organization and 
reveal several aspects of disease behavior. As extensively stated in 
(Guim, et al., 2024), a wide range of mathematical models – commonly 
used in theoretical ecology, cellular and population biology – can be 
used for describing the characteristics of the tumor milieu. At the sub
cellular and cellular levels, branching processes, adaptive dynamics, and 
network analyses help decode gene expression, metabolic pathways, and 
phenotypic variation (Barabasi et al., 2011). These models highlight 
how cell-level diversity and plasticity emerge from underlying 
biochemical rules. At the community levels, the complexity of hetero
geneous cell interactions can be addressed by stock-flow models that 
also allow an ecosystem level description of the disease. A truly 
comprehensive view of complex diseases should integrate multiple 
layers of description—akin to multi-layered networks in physics and 
systems biology (Bianconi, 2018). A unified model might combine: 

• Subcellular processes, including gene mutations and protein 
interactions.

• Cell-level dynamics, such as population heterogeneity and metabolic 
adaptation.

• Physiological interactions, involving niche crosstalk and molecular 
signaling.

• Organism effects, encompassing immune system response and sys
temic feedbacks.

Establishing a wider picture is crucial for providing a more 

comprehensive understanding on how diverse cancer cell communities 
interact, adapt, and respond to therapies. Each layer reveals unique 
insights: when connected, they provide a more accurate representation 
of disease complexity and can uncover vulnerabilities not visible at a 
single level. This multi-scale approach supports the development of 
intervention strategies that target interaction networks rather than in
dividual cell types—offering new opportunities to disrupt tumor growth 
and resistance (Pienta et al., 2008).

Fig. 3 visualizes the parallel between ecological and pathological 
hierarchies. While the left panel presents the classic ecological frame
work of biological organization (Odum, 1971), the right panel translates 
this concept into the context of disease. Distinct patterns and in
teractions emerge with increasing complexity, revealing how localized 
molecular disruptions can scale into broader physiological imbalances, 
shaping the systemic expression of disease. This structure highlights 
how each layer contributes uniquely to the overall pathology, offering a 
multidimensional lens through which complex diseases can be analyzed 
and understood. Furthermore, this layered view provides a practical 
roadmap for selecting the proper scale of intervention.

3. Modeling complex diseases with energy system language

In their seminal 1955 work, Odum and Pinkerton emphasized that 
any energy flow diagram must be grounded in thermodynamic princi
ples, accounting for constraints such as maximum achievable yields, 
irreversible losses, and the feedbacks necessary for systemic regulation 
(Odum and Pinkerton, 1955). These requirements ensure that energy 
transfers are not only consistently tracked but also quantitatively con
strained by physical laws. In the context of disease modeling, a practical 
and biochemically meaningful unit for quantifying energy stocks and 
flows is Adenosine Triphosphate (ATP)—the central energy carrier in 
living cells. ATP fuels nearly all biological work, and its phosphate 
bonds hold a defined amount of usable free energy (Fontecilla-Camps, 
2022). Since ATP’s phosphate bond has a fixed amount of usable free 
energy, modelers often measure energy in ATP equivalents (ATPeq), 

Fig. 2. Representation of key feedback loops in some of the hallmarks of cancer, using Odum’s symbolic language. Panel a. and b. (top row) illustrate angiogenesis, 
panel c. and d. (middle row) autocrine–paracrine loops, and panel e. and f. (Bottom row) competitive metabolism. R stands for reinforcing loop and B for balancing.
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where energy is quantified in terms of the Gibbs free energy of ATP 
hydrolysis (Meurer et al., 2017). Defining all energy stocks and flows in 
ATP equivalent units is a suitable approach for modeling stocks of 
different nature. Using ATP equivalents as a unifying unit makes it easier 
to track how energy moves through stocks and flows in a biological 
context, since it relates energy quantities to tangible biochemical reality. 
In this framework, the number of cells in a population can be translated 
directly into an energy quantity by assigning an average ATP equiva
lence to each cell.

It has been shown that Odum’s theory can be connected to ecological 
features of neoplasms using ATP equivalent units to study the dynamics 
of healthy and cancer cell metabolisms, and clonal competition (Conte 
et al., 2023). In fact, ecological features of complex systems can be 
described in terms of the thermodynamic constraints related to Lotka’s 
maximum power and Odum’s maximum empower principles (Lotka, 
1922; Odum, 1996b). In this framework, the first principle of Thermo
dynamics imposes the energy balance in transformation processes for 
stationary system states, while the irreversible loss of heat is associated 
to the processes of energy transformations necessary to create and 
maintain the complexity of the system, whose operation entails the 
production of entropy as dictated by the second principle of Thermo
dynamics. The equation for a flow is not set to phenomenologically 
describe the change overtime of the flowing quantity (a stock), but 
rather its dependence on the state of the system (Romano et al., 2021), 
expressed by the set of values of the stocks, with no reference to the 
(supposedly non-linear) physical law that describes the flows in terms of 
physical quantities and usual phenomenological coefficients. This is a 
very crucial point representing the novelty of the approach: this kind of 
structural model, that uses differential equations that are not derived 
from the actual biophysical laws related to the flowing of matter, ad
dresses the systemic features that are ultimately responsible for the 
system dynamics, i.e., the mutual causality introduced by feedback 
loops. If a system has more processes and flows, coming from a higher 
number of stocks, this kind of approach will become even more 
important and effective to correctly represent the complexity of its dy
namics. The importance of a suitable choice for the stocks and the 
processes is therefore clear. The phenomenological coefficients are thus 
representing how much of the contribution from one or more stocks will 
be effective in the interaction stage.

Moving forward, a future perspective would be to use Emergy 
analysis for unifying energy flows in complex disease modeling context 
(Odum, 1996). By converting diverse energy streams into a common 
emergy metric, researchers can integrate molecular metabolism, tissue 
interactions and even ecological influences into a single, cohesive 
framework. This unified approach would complement the thermody
namically consistent models which rely on ATP equivalents to quantify 

cell populations, by extending the analysis to include the full cascade of 
energy transformations that occur in complex diseases. Ultimately, 
employing emergy theory can yield deeper insights into disease dy
namics, helping to identify novel leverage points for intervention, 
ensuring that all relevant energetic contributions are accounted for in 
the modeling process (Tilley, 2015).

3.1. Diseases as ecosystems

Ecosystems are open, dynamic systems that operate far from ther
modynamic equilibrium. They maintain their organization through 
constant flows of energy and matter, which drive self-regulation and the 
emergence of new patterns at critical points of instability (Odum, 1971). 
In the proposed systemic framework, a disease is seen as a complex 
ecosystem that self-organizes, evolves and adapts given a set of external 
inputs and driving forces. The disease is modeled as a network of 
interacting stocks—quantifiable variables like cell populations or pro
tein concentrations—connected by flows and regulated through feed
back loops. These elements are represented in a stock-flow diagram, 
drawing directly from the systems thinking formalism developed by H.T. 
Odum.

The system under study is not any particular biological component 
— not the cancer cell, the genome, the organs, or even a patient or 
population. Nor is it the outcome of network analysis or statistical 
modeling. Instead, it is a set of measurable quantities — defined within a 
stock-flow model — that can self-organize into certain stable configu
rations; these configurations are what we recognize as disease. Ulti
mately, we do not aim at describing what happens in biochemical 
details, through a comprehensive description of "local" cause-effect oc
currences, but as a dynamic system shaped by internal interactions and 
external drivers, which depends on the feedback network connecting the 
set of stocks with their environment.

Fig. 4 presents a conceptual map outlining the key steps involved in 
constructing the disease model.

The process begins with the creation of a stock-flow diagram 
informed by existing scientific understanding. The diagram must follow 
the rules exploited by Odum’s emergy algebra, defining the key stocks 
(e.g., cell populations, molecular concentrations) and flows (e.g., en
ergy, nutrients, signals) that participate in effectively shaping the sys
tems dynamics, incorporating external drivers such as resources and 
environmental stressors. These external drivers are stocks of extensive 
variables that do not have a direct, systemic role in shaping the dy
namics of the system but still participate in some of its processes (Odum, 
2007). Initial values for the stocks are derived from either experimental 
data or literature sources. The system diagram is then translated into a 
set of differential equations (commonly referred to as ODEs) that capture 

Fig. 3. Ecological hierarchies as from E.P. Odum’s (left side), and hierarchical, abstract representation of a generic complex disease (right side).
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its dynamic behavior over time, ensuring that the resulting mathemat
ical structure respects thermodynamic constraints. Computational tools 
simulate the system’s evolution through mapping the system’s 
phase-space trajectories and its evolution over time. Next, a phase of 
calibration and validation fine-tunes the model by comparing simulated 
outputs with empirical observations. Sensitivity analyses are conducted 
to assess the robustness of structural parameters. At this point, data 
integration merges input from in-lab experiments and patient-derived 
clinical data to refine model parameters and flow rates. This forms the 
empirical backbone of the model. The simulated outputs are finally used 
to generate clinical scenarios, paving the way for the generation of a 
disease-digital twin (Katsoulakis et al., 2024). Furthermore, by focusing 
on the disease of interest, a cohesive picture can be built by integrating 
minimal models related to its distinct characteristics in a modular way. 
Varying the nu-tuple of stock values at various times can also lead to the 
identification of critical stocks and flows at various level of complexity, 
simulating the reaction of the system to the variation of the external 
drivers that influence them. This process can support the design of 
personalized care strategies, enabling dynamic, patient-specific treat
ment plans grounded in real-time biological data and systemic feedback.

Fig. 5 shows a general representation of a disease as a complex, open 
ecosystem. Blue compartments (H₁, H₂, Hₙ) indicate biological niches, 
each containing one or more populations of healthy cells (blue). Red 

compartments (C₁, Cₙ) represent cancer cell niches, similarly hosting 
different populations of tumor cells (red). These niches interact with one 
another and with their surrounding environment through flows of re
sources (green) and external inputs (yellow). Environmental and 
microenvironmental factors (respectively, Rᵢ and μRⱼ) are shown in the 
green–yellow region to emphasize their intermediate role in modulating 
cell behavior and resource availability at the local (micro) scale. Dashed 
arrows indicate inter-niche interactions, such as migration, develop
mental processes, or competitive/cooperative exchanges of nutrients 
and signals; these processes are controlled by the environment (dashed 
green lines). Solid and dotted boundaries emphasize feedback controls 
and environmental controls that help regulate how each niche adapts or 
proliferates over time. Green arrows labeled EH and EC address external 
factors influencing healthy and cancer niches, respectively (e.g., sys
temic signals, therapies, or stressors).

Starting from clinical data, we simulate the range of evolution of the 
disease from the different states and initial conditions, determining 
timescales for its evolution, systemic leverage points and actions of 
specific drugs (how it affects one or more processes in terms of flow(s) 
alteration, as in Romano et al. (2021)). We can then describe emergent 
properties of the tumor ecosystem: 

Fig. 4. Conceptual roadmap for disease modeling using a Systems-Thinking based approach.

Fig. 5. Systemic diagram representing a disease as a complex, open ecosystem.
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• Clonal Evolution and Selection: tumor cell populations evolve over 
time, exhibiting selection of fitter clones by competition for re
sources and stressors (Madan et al., 2022). This feature can be 
translated into models of clonal competition between stocks of 
different cell populations evolving in a selected environment (e.g., 
stocks of microenvironmental resources).

• Metastatic Potential: metastasis results from a convergence of several 
factors. Interactions with stromal cells enable invasion, angiogenesis 
provides access to new blood vessels, immune evasion increases 
tumor fitness and competition for space and resources leads to 
compatibility with distant tissue microenvironments (Avci, 2024). 
Metastasis then requires "ecosystem engineering" – e.g., 
tumor-associated macrophages secrete enzymes that degrade the 
matrix, opening paths for cancer cells. This property can be described 
by modeling the interactions between cancerous cells and pop
ulations of their microenvironment, showing how clones can gain the 
ability to move from one niche to another.

• Drug resistance: the genetic and epigenetic diversity of a tumor, 
combined with selective pressures, leads to therapy-induced selec
tion: a small fraction of drug-resistant cells can become the founders 
of a new, predominant population after treatment (Malta et al., 
2024) . Intra-tumor heterogeneity is well-known for being the cause 
of this emergent behavior (Azzalini et al., 2023). As shown in 
(Romano et al., 2021), the action of drugs can be simulated in sys
tems with high clonal diversity.

• Cooperation vs. competition: the balance of cooperative and compet
itive interactions among cancer clones and between cancer and other 
cells leads to emergent outcomes in tumor growth kinetics and 
morphology (Carneiro et al., 2023). Tumor cells might cooperate by 
sharing metabolic labor (one subtype produces a growth factor that 
another needs), increasing the overall fitness of the tumor commu
nity or aid each other in resource-shortage situations (Jonkman 
et al., 2020); we can determine the set of dynamical regimes related 
to these cooperative and competitive behaviors in the chosen cell 
populations, as shown in (Conte et al., 2023).

3.2. Complexity in disease systems

Beyond oncology, virtually any pathology can be cast within the 
proposed framework. For example, autoimmune diseases are patholog
ical conditions in which the body’s immune system mistakenly recog
nizes its own cells, tissues or organs as foreign and mounts an immune 
response against them. This breakdown in self-tolerance involves the 
activation and expansion of autoreactive lymphocytes (T cells and B 
cells) and the production of autoantibodies or pro-inflammatory cyto
kines that target self-antigens (Song et al., 2024). Under healthy con
ditions, T-cells inhibit over-active effectors and antibody feedback 
remains controlled. In autoimmunity, however, positive feedback 
loops—such as autoantibodies enhancing B cell activation—become 
dominant. The characteristic of self-immune response can emerge from 
stock-flow modeling of immune system compartments. A 
system-thinking based model, featuring key “stocks” such as naïve T 
cells, effector T cells, regulatory T cells, B cells and concentrations of 
autoantibodies or cytokines, could in principle test autoimmune sce
narios through recursive refining of its structural parameters against 
clinical empirical data.

While the proposed modeling framework is designed primarily for 
diseases with higher levels of complexity—those involving broad sys
temic dysfunctions s—it also offers valuable tools for analyzing more 
localized or less complex pathologies. Even in simpler cases, such as 
viral infections, stock-flow representations can enhance understanding 
by enabling dynamic simulations that test drug administration strategies 
and therapeutic timing. Fig. 5 shows the stock-flow diagram for the 
virus-host interaction, described by (Romano et al., 2021) using the 
common energy unit of ATP-equivalent. The diagram shows 6 different 
processes where the action of a different existing drugs can alter – 

possibly stopping – the natural evolution of the infection. The study 
simulates how different combinations and administration times for the 
drugs may give rise to different systemic "reactions", pointing out what 
could be the best therapy depending on the chosen administration 
timing and sequence Fig.6.

3.3. Models calibration and validation

To ensure a disease model accurately reflects real-world dynamics, it 
is essential to begin with a well-defined initial dataset and implement a 
systematic validation process. Calibration involves assigning initial 
values to model stocks at a specific point in time. These values may come 
from experimental measurements, literature sources, or informed esti
mations. Within this approach, the reliance on free parameters is 
minimized, allowing the model to be refined through an iterative pro
cess. When applicable, steady-state conditions are used as calibration 
baselines, typically yielding stable or periodically oscillating dynam
ics—characteristics of well-behaved systems (Meadows et al., 1972; 
Odum, 1994). A key part of this refinement process is sensitivity anal
ysis, which evaluates how changes in initial stock values or structural 
parameters influence system behavior (Leis et al., 1985). This analysis 
helps identify critical leverage points—those parameters most influen
tial in shaping system trajectories—and reveals which initial conditions 
are most essential for maintaining model reliability.

Model validation, as described by Bossel (Bossel, 1994), requires that 
simulated outputs reproduce recognizable patterns observed in 
real-world behavior. In systems modeling, this validation is twofold: the 
model must faithfully represent the structural composition of the system 
(completeness of stocks and flows), as well as the dynamic relationships 
that govern their evolution (feedbacks, time-delays, and nonlinearities). 
Although there is no universally accepted validation protocol, simula
tion itself becomes a heuristic tool—one that not only reflects current 
understanding but also uncovers emergent patterns and new insights 
(Carley, 2002). In our approach, the modeling process begins with 
existing biomedical knowledge and progressively evolves into a simu
lator capable of reproducing disease dynamics. Its predictive accuracy 
has to be tested and improved through comparison with clinical and 
laboratory data. Interestingly, the complexity of disease systems en
hances model validation: systems that exhibit strong sensitivity to 
external perturbations provide a demanding yet valuable testing ground 
for evaluating the accuracy and resilience of the model’s underlying 
structure and assumptions.

4. Biological and diseases models

Ecology and biomedicine differ in how they approach system 
observation and modeling. Ecologists often rely on large-scale mea
surements of biotic and abiotic factors—such as biodiversity, nutrient 
cycling, energy flow, and environmental conditions—collected through 
remote sensing, field surveys, and long-term monitoring technologies. 
These methods are suited for vast, open systems like forests or wetlands.

By contrast, biomedical systems—particularly at the tissue lev
el—require high-resolution techniques to capture subtle variations 
within compact and heterogeneous environments. The fine-scale 
complexity of cellular microenvironments demands tools such as 
single-cell sequencing, advanced imaging, and miniaturized experi
mental models that replicate physiological conditions (Denisenko et al., 
2024). In such settings, system dynamics must be understood not by 
scaling up, but by capturing granular patterns of interaction and 
resource distribution. Accordingly, the integration of dynamic, 
systems-based models with high-resolution biomedical data offers a path 
to more precise and adaptive healthcare solutions, even in diseases that 
do not appear complex at first glance.

Biological models play a significant role in unraveling the complexity 
of living systems. They have been instrumental in bridging mechanistic 
understanding with experimental outcomes—informing both 
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physiology and pathology, from classical in vivo approaches to modern 
3D culture systems. Yet, despite their contributions, these models are 
still inherently limited in how faithfully they reflect human biology. For 
example, while animal models have historically served as the backbone 
of biomedical research, they cannot fully replicate human-specific traits. 
Differences in genetic regulation, metabolic pathways, and immune 
responses often result in findings that do not translate effectively to 
human systems (Loewa et al., 2023). Additionally, ethical concerns and 
evolving regulatory standards continue to challenge the extensive use of 
animals in research (Kiani et al., 2022). Human health outcomes are also 
shaped by diverse environmental exposures, diets, and micro
biomes—factors that animal models cannot adequately mimic (Lal et al., 
2016).

Two-dimensional (2D) cell cultures continue to offer practical ad
vantages in cancer research. Their simplicity, cost-efficiency, and suit
ability for high-throughput screening make them valuable tools for drug 
testing and genetic manipulation (van Staveren et al., 2009). However, 
they fall short in representing the physical and biochemical realities of in 
vivo tumor environments. Cultured on rigid, flat substrates, cells in 2D 
exhibit altered morphology and limited mechanical feedback, which 
leads to deviations in gene expression and cellular signaling 
(Salinas-Vera et al., 2022). Moreover, uniform exposure to nutrients and 
oxygen in these systems fails to capture the spatial heterogeneity found 
in actual tumors, where gradients in resource availability drive critical 
behavioral differences. Importantly, 2D cultures do not reflect the dy
namic adaptability of biological systems, especially their capacity to 
reorganize in response to shifting environmental drivers—a property 
largely governed by complex feedback mechanisms.

In contrast, three-dimensional (3D) models are now at the forefront 
of experimental oncology. These platforms better emulate in vivo con
ditions by incorporating structural complexity, cellular heterogeneity, 
and tissue-specific microenvironments. Organoids, for instance, are self- 
organizing tissue constructs derived from stem cells and grown within 
biologically compatible matrices such as Matrigel or collagen (Zhao 
et al., 2022; Passaniti et al., 2022). They provide an improved platform 
for studying disease progression, metastatic behavior, and therapy 
resistance. However, challenges remain. Organoids often fail to reach 
full functional maturity, resulting in tissue properties that diverge 
significantly from those of adult human organs (Suhito et al., 2022). 
Their development also suffers from batch variability in extracellular 
matrices and culture media, which introduces reproducibility issues 
across experimental replicates and studies (Fuhr et al., 2022). The lack 
of standardized protocols continues to be a barrier to widespread clinical 
and translational applications.

4.1. Integrating biomedical laboratory research into disease systems 
modeling

Despite technical difficulties, due to the level of complexity faced, 
innovative in vitro tumor models are transforming cancer research by 
providing experimental systems that more accurately reflect the struc
tural, biochemical, and functional complexity of real tumors. These 
platforms offer insights into tumor heterogeneity, drug resistance, and 
microenvironmental dynamics that were previously inaccessible with 
traditional methods. Microfluidic tumor-on-a-chip devices represent a 
major leap forward, simulating key physiological conditions such as 
vascular perfusion, immune cell interactions, and drug transport within 
micro-engineered environments (Hwangbo et al., 2024). Similarly, 3D 
bioprinting technologies allow the construction of patient-specific 
tumor architectures by layering bio-inks embedded with cancer cells 
and supportive stroma, thereby replicating tumor heterogeneity in both 
structure and function (Bejoy et al., 2021). These systems not only 
model tumor morphology and vascularization but also enable the study 
of how mechanical properties—like matrix stiffness—influence growth 
and therapy resistance (Schmid et al., 2024). Hydrogel-based tumor 
models serve as biomimetic scaffolds that replicate extracellular matrix 
conditions, including oxygen gradients, hypoxia, and signaling gradi
ents, all of which shape tumor cell behavior and adaptation (Rahman 
et al., 2024). When enriched with growth factors and immune compo
nents, these hydrogels provide dynamic experimental conditions to 
explore cell-matrix interactions and feedback-driven remodeling of the 
tumor microenvironment (Yihan et al., 2024). Immune co-culture 
models further enhance the physiological relevance of in vitro plat
forms by enabling direct study of tumor-immune dynamics. Spheroids or 
organoids grown in tandem with immune cells reveal how tumors evade 
immune responses or modulate cytokine networks—interactions that 
can be translated into feedback mechanisms influencing tumor pro
gression (Gonzalez et al., 2018). Vascularized tumor models, con
structed using either microfluidics or bioprinting, incorporate 
endothelial cells to develop functional vascular networks. These systems 
offer critical insights into processes like angiogenesis and adaptive 
growth under nutrient or oxygen limitation (Lee et al., 2024).

At the frontier of personalized medicine, patient-derived tumor ex
plants keep the architectural and cellular diversity of the original tumor, 
making them ideal for short-term drug screening. These ex vivo models 
yield timely feedback on therapeutic efficacy while preserving the tu
mor’s microenvironmental context (Cavarzerani et al., 2023). To 
leverage the potential of these in vitro systems within a broader 
ecological framework, experimental data must be translated into the 
language of energy flows, systemic feedback, and dynamic 

Fig. 6. Stock-flow diagram showing the dynamics of virus infection. Fuxia arrows showed as Di (i = 1..6) represent external drug inputs acting in different sys
temic elements.
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adaptation—the foundational elements of Odum’s systems ecology. This 
integration enables a shift from isolated cellular observations to 
ecosystem-level modeling of tumor behavior.Data from hydrogel and 
vascularized models can quantify metabolic flux, nutrient distribution, 
and oxygen consumption—parameters essential for constructing ener
getic maps of tumor ecosystems. Feedback-rich interactions between 
tumor and immune cells, observable in real time through co-culture or 
chip-based systems, can be mapped as regulatory loops, modeling both 
immune escape and cytokine-driven reinforcement of malignancy. Bio
physical properties such as matrix stiffness and hypoxia serve as struc
tural inputs that influence system resilience and adaptation. 
Incorporating these drivers enables the simulation of how tumors reor
ganize metabolic pathways or alter phenotypes in response to stressors. 
Similarly, drug resistance data derived from patient explants make it 
possible to explore how tumors respond to therapy, revealing systemic 
vulnerabilities or identifying resistance loops that sustain malignancy.

Incorporating broader influences—such as hormonal fluctuations, 
microbiome-derived signals, or systemic immune responses—further 
enhances the model’s ability to reflect organism-level dynamics. This 
external input can be modeled as environmental drivers that shape 
tumor evolution across hierarchical scales.By uniting empirical insights 
from innovative experimental systems with stock-flow diagrams and 
thermodynamic modeling, researchers can construct coherent, quanti
tative representations of cancer as a dynamic, adaptive ecosystem. Such 
models hold promises not only for understanding disease progression 
but also for finding strategic leverage points for intervention—marking 
a transition toward predictive, adaptive oncology grounded in systemic 
principles.

5. Conclusions

This study addresses the integration of H.T. Odum’s ecological 
modeling principles within cancer biology, providing a new quantitative 
perspective for interpreting complex disease dynamics as the evolution 
of an ecosystem. Rather than fragmenting diseases into isolated molec
ular pathways, we discussed how the integration of diverse biological 
processes into a unified systems model can lead to the simulation of 
cross-scale interactions, resource flows and emergent behaviors in 
complex malignancies. The energy system language is potentially able to 
map complex phenomena or biological hallmarks in complex diseases 
(e.g., metabolic reprogramming, tumor-fibroblast co-evolution, angio
genesis, and so on) into cohesive stock-flow diagrams, laying the 
groundwork for dynamic simulations of cancer evolution (disease digital- 
twin). By incorporating ecological principles and feedback mechanisms 
into disease models, this work contributes to the development of the 
growing scientific paradigm that views tumors as ecosystems – com
plementing contemporary experimental and modelling techniques 
within a unifying framework. This perspective is not only limited to 
cancer, since it offers a general template for other complex diseases (e.g., 
metabolic syndromes, neurodegeneration, and so on), showing that 
integrative ecosystem modeling could become a foundational tool in 
Translational Medicine. Ultimately, by reframing complex diseases 
through the lens of ecological systems, this work provides a proof-of- 
concept for embracing interdisciplinarity and complexity; this task is 
not only technically feasible, but also essential for building a new pro
gram for biomedical science – one in which holistic models drive both 
understanding, prevention and intervention.

Referring to Odum’s fundamental legacy, this is a brief list of basic 
concepts that form the conceptual foundations of the research program 
outlined in this work: 

• Energy language, as a comprehensive tool to describe resource 
management in a biomedical system.

• Emergy algebra, suitable to set up computational simulators for dy
namics analysis.

• Thermodynamics laws, to represent biophysical constraints and 
forcing factors.

• Interdisciplinarity, the natural mindset to exploit isomorphisms be
tween different systemic realms.

• Maximum (em)power principle, as the fundamental basic feature 
ruling self-organization in complex systems.

Indeed, the network of mutual interactions by which a system self- 
organizes for the management of the resources is shared by any suffi
ciently complex system. Self-immune diseases, blood cancer forms and 
neurological diseases are likely the more relevant for this research 
program. The complexity and plasticity of their evolution and in
teractions with the microenvironment make them difficult to treat and, 
in fact, some of these "systemic diseases" are still incurable. Future 
studies can build on this foundation to develop experimental dynamical 
models of tumor evolution under therapy, simulators of immune system 
dynamics and model scenarios of autoimmunity in diseases.
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