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Featured Application 

Forms dynamics provides a physically grounded modelling framework that can be applied to the 
analysis of complex pathological systems characterized by nonlinear interactions and multi-scale 
dynamics. The approach may support the development of physics-informed digital twins of disease 
processes, enabling the integration of clinical observations, metabolic data and physiological 
measurements into mechanistic dynamical models. Potential applications include modelling disease 
progression, exploring therapeutic perturbations and improving the interpretability of 
computational tools used for clinical decision support. 

Abstract 

Understanding pathological processes remains challenging because clinical descriptions primarily 
rely on phenotypic observations, while the underlying dynamical mechanisms that generate and 
stabilize disease states often remain implicit. This article introduces forms dynamics as an applied 
physics framework aimed at interpreting pathology as the dynamical evolution of structured 
configurations sustained by continuous exchanges of energy, matter and information with the 
environment. The approach integrates concepts from non-equilibrium thermodynamics, complex 
systems modelling and Gestalt-inspired structural reasoning. Within this perspective, pathological 
systems are represented through physically meaningful variables and fluxes whose interactions can 
be expressed through coupled balance equations or equivalent graphical schematizations. Empirical 
data, including clinical observations, diagnostic measurements and network-based analyses of 
biological interactions, inform the identification of relevant variables and pathways. Model 
calibration constrains parameters using physiological ranges, characteristic timescales and observed 
trajectories, while validation relies on the consistency of the resulting dynamical regimes with clinical 
phenotypes and responses to perturbations. Within this framework, physiological conditions 
correspond to stable attractors in the system’s dynamical landscape, whereas pathological states 
emerge from altered coupling between variables and fluxes, leading to alternative stable or 
metastable regimes. By providing a physically grounded representation of pathological dynamics, 
forms dynamics offers a unifying modelling strategy for complex diseases and may support 
translational research, physics-informed digital twins and more interpretable computational tools for 
clinical decision support. 

Keywords: forms dynamics; ecophysical modelling; non-equilibrium thermodynamics; systems 
pathology; complex systems modelling; biophysical modelling 

1. Applied Physics on the Phenomenon of Human Pathology

The investigation of human pathology has progressively moved beyond purely descriptive and
reductionist paradigms toward integrative and computational frameworks. Advances in 
computational pathology, systems biology and artificial intelligence have enabled the analysis of 
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large datasets and the identification of complex structural patterns associated with disease [1–3], 
fostering the adoption of omics approaches from bench to bedside. 

Despite these achievements, a fundamental limitation persists. Many current models excel at 
describing correlations, structural features and alterations, yet struggle to explain how pathological 
states physically emerge, evolve and stabilize over time. Prevailing approaches demonstrate a 
remarkable ability to detect structural organization and heterogeneity, identifying diverse molecular 
or genetic architectures associated with similar pathological phenotypes. However, as increasingly 
recognized in complex disease biology, structural diversity does not necessarily translate into 
functional diversity. Distinct structural configurations may converge toward a limited number of 
functionally relevant regimes, governed by rate-limiting processes and interaction constraints that 
shape system-level behaviour. Therefore, models focused primarily on structural associations often 
lack the ability to discriminate between pathological states that are structurally different but 
dynamically and functionally equivalent, or conversely, states that appear structurally similar yet 
differ in their underlying dynamical stability and evolution. This limitation highlights the need for 
frameworks capable of explicitly linking structure to function through the dynamical laws governing 
pathological processes [4]. Structural representations, often expressed as networks or connectivity 
maps, are sometimes disconnected from explicit physical laws governing interactions, energy 
exchange and dissipation [5]. As a result, the link between structure, dynamics and measurable 
physical quantities remains weak or implicit. 

From an applied physics perspective, pathology can be regarded as a dynamic phenomenon 
occurring in open biological systems operating out of thermodynamic equilibrium, in which disease 
emerges from disordered and evolving interactions rather than from isolated alterations. Pathological 
states arise through complex, time-dependent coupling among molecular, cellular and tissue-level 
processes, whose collective behaviour cannot be inferred by examining individual components in 
isolation. As emphasized in systems pathology, biological disease is characterized by complex 
interaction patterns, variable temporal evolution and context-dependent penetrance, reflecting the 
absence of a static notion of homeostasis and the predominance of non-linear, adaptive dynamics [6]. 
Consequently, pathology must be understood as the manifestation of evolving system-level 
configurations sustained by continuous energy and matter exchanges with the environment, being 
understood as descriptors of the pathological metabolism, rather than as a fixed structural condition 
[7,8]. In such systems, structure, function and stability emerge from underlying biophysical-chemical 
interactions constrained by energy balance, transport processes and non-linear feedbacks. 
Addressing pathology at this level requires an inter-disciplinary stance, since models need to be 
supported by biological knowledge and data, clinical evidence, physically grounded, mathematically 
expressible and suitable for in silico implementation. 

2. Network Analysis and System Thinking in Pathology: Achievements and 
Open Limitations 

Network-based approaches have profoundly influenced contemporary pathology. In fact, 
network representations are particularly effective in identifying disease-associated modules, hubs 
and signatures, supporting integrative views that move beyond isolated molecular descriptors [9]. 
By representing biological components as nodes and their relationships as links, network pathology 
provides a powerful and flexible language for describing the structural organization of pathological 
phenotypes and their coordination across multiple biological scales. In this context, a phenotype is 
defined as the set of observable characteristics associated with a pathological condition, 
encompassing molecular, cellular, tissue-level and functional manifestations that arise from 
underlying biological interactions. Network representations allow such phenotypes to be mapped as 
structured configurations emerging from interconnected components, rather than as isolated traits 
[10]. This formalism has proven particularly effective in capturing phenotypic heterogeneity, 
modular organization and shared structural signatures across diseases, enabling the comparison and 
classification of pathological states based on their relational architecture rather than single markers. 
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In parallel, system thinking and its quantitative extensions have incorporated dynamic elements 
into pathological modelling. Disease evolution is described through interacting variables, feedback 
loops and resource constraints, often formalized via stock–flow representations or ecological 
analogies [11,12]. By introducing time dependence, such models capture regime shifts and long-term 
patterns characteristic of disease progression, providing insights beyond static descriptions [13]. A 
common feature of these frameworks is the use of energy-related quantities as organizing variables. 
Energy availability, metabolic constraints and resource allocation are increasingly recognized as 
drivers of pathological behaviour, particularly in cancer and infectious disease [14,15]. Disease is 
often interpreted as the outcome of altered balances between competing processes mediated by 
feedback mechanisms across scales. 

Nevertheless, despite their sophistication, network and system thinking approaches largely 
retain a descriptive or organizational character. Network representations encode structural 
relationships inferred from data, while system-level models typically rely on schematic abstractions 
that organize variables without explicitly deriving them from physical and chemical interaction laws 
[16]. Consequently, pathological structure is often prescribed or parameterized, rather than emerging 
as a necessary outcome of underlying physical dynamics. Graphical representations further 
contribute to ambiguity. While diagrams of stocks, flows and feedbacks are intuitively informative, 
they might differ epistemologically from physically grounded schematizations used in applied 
physics, which correspond to abstractions of interaction laws convertible into mathematical 
formulations such as coupled differential equations or equivalent circuits [17,18]. 

Consequently, network pathology and quantitative system thinking delineate a continuum from 
structural representations toward increasingly dynamic descriptions of disease. However, while 
capturing essential organizational features, these approaches leave open a fundamental question: 
how pathological forms arise and evolve as physical configurations governed by explicit interaction 
laws. Addressing this question motivates the introduction of form dynamics. 

3. Form Dynamics: From Gestalt Physical Foundations to Interaction-Based 
Modelling 

Clinical reasoning and semeiotic evaluation are fundamentally oriented toward the 
identification and classification of phenotypes, that is, the set of observable signs, symptoms and 
measurable traits associated with a pathological condition [19,20]. Within evidence-based medicine, 
such phenotypic descriptions are formalized into clinical hypotheses and tested through statistical 
comparisons, ensuring robustness, feasibility and clinical relevance [21]. However, while this 
framework is essential for diagnosis and decision-making, it remains intrinsically phenomenological: 
it describes what is observed, but not how or under which dynamical conditions such phenotypes 
emerge, persist or change over time. 

In complex diseases, distinct patients may exhibit heterogeneous structural or molecular 
alterations while converging toward similar clinical phenotypes, whereas apparently similar 
phenotypic presentations may correspond to markedly different disease trajectories and responses to 
intervention [22,23]. This well-recognized limitation reflects the fact that clinical phenotypes are 
manifestations of underlying system dynamics, rather than direct indicators of the interaction laws 
governing pathological processes. Thus, questions formulated solely in clinical or semeiotic terms are 
insufficient to capture the dynamical mechanisms that generate and stabilize pathological forms. 

To address this gap, it becomes necessary to introduce hypotheses formulated at the level of 
biophysical interactions, specifying the variables, constraints and couplings that govern the evolution 
of the system. Such hypotheses do not replace clinical reasoning, but operate at a complementary 
level, providing mechanistic priors that link observable phenotypes to the underlying dynamics of 
energy, matter and information exchange [24]. It is within this conceptual space between phenotypic 
description and dynamical explanation that the notion of forms dynamics is introduced. The concept 
of form has deep roots in physics. Early forms theory (Gestalten, in German) emerged from the idea 
that coherent structures arise from interacting fields rather than from the aggregation of independent 
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parts [25,26]. In its original physical framing, however, Gestalt (i.e.,: “forms” in English) were largely 
treated as archetypal configurations with intrinsic stability properties, discussed in relation to 
stationary or quasi-stationary regimes (i.e., a form as a stable organization maintained by consistent 
interaction constraints). However, a structure cannot be separated from the dynamics that generate 
and sustain it: forms cannot be interpreted as static structures, but as dynamic entities maintained by 
continuous interactions. This view resonates with modern non-linear physics and self-organization 
theory [27,28]. The conceptual step introduced here is to move from archetypal forms in stationary 
state to complex forms dynamics. In other words, forms dynamics treats archetypal forms as a 
generative vocabulary: basic interaction-driven structures can be combined, nested and coupled to 
represent the time evolution of complex organization, rather than being restricted to isolated 
archetypes or steady-state templates. With this respect, Table 1 shows some examples of potential 
relationship between dynamic archetypal forms and biological phenomena in normal and 
pathological physiological processes. 

Forms dynamics shares with system dynamics the use of similar representation languages. 
However, the two approaches differ in their epistemological foundations. In system dynamics, 
variables and causal links are often defined at a phenomenological level. In contrast, forms dynamics 
constrains the model structure through physically meaningful variables associated with independent 
exchanges of energy, mass and information, and derives system behaviour from balance relations 
grounded in non-equilibrium thermodynamics. In this sense, forms dynamics represents a physically 
grounded extension of system-level modelling rather than a variant of classical system dynamics. 
This perspective implies that, in analogy with network motifs in systems biology, recurrent 
archetypal dynamical structures may exist in pathological systems in relation to biochemical and 
regulatory networks, acting as interaction patterns with characteristic dynamical behaviour which 
may combine to generate complex phenotypic dynamics. 

Table 1. Some examples of potential relationship between dynamic archetypal forms and bio-logical phenomena 
in normal and pathological physiological processes. 

Archetypal motif Dynamical behaviour Biological example 

Positive feedback loop Bistability / switch Cell fate decisions 

Negative feedback loop Homeostasis / regulation Metabolic regulation 

Coupled oscillators Periodic dynamics Circadian rhythms 

Resource competition 
Trade-offs and metabolic 
reprogramming 

Cancer metabolism 

This is why, consistently with developments in complex-systems modelling, recurrent 
“archetypal structures” can be systematically identified and analysed also in combination, in order 
to explain model behaviour from structure and to guide intervention design. In the literature, 
causal/stock–flow representations are explicitly translatable into formal graph-theoretic objects (e.g., 
adjacency matrices), enabling algorithmic detection of archetypes and their interacting loop-
combinations rather than heuristic, post-hoc storytelling [18]. This provides a direct methodological 
analogue for the present perspective. In fact, in pathology, recurrent interaction patterns could be 
treated as archetypal “forms”, then used to construct higher-order pathological dynamics by 
coupling these forms across scales and times. 

A complementary argument comes from nonequilibrium physics, where multi-layered 
archetypal symmetric motifs can generate qualitatively distinct dynamical regimes (e.g., multiple 
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steady states, metastability, multi-timescale relaxation), and where the relevant signatures emerge 
specifically in the transient dynamics, not only in the final steady state [29,30]. This reinforces the 
epistemological point behind form dynamics: archetypal configurations are physically meaningful 
not merely as static templates, but as building blocks whose coupling reshapes the dynamical 
landscape (stability, relaxation times, regime shifts), which is exactly the level at which pathological 
evolution and therapeutic perturbations must be interpreted. 

In pathology, form is often described through structural representations (i.e.,: the phenotype), 
that characterizes a sufficient persistence over time, that allows to identify a certain pathology over 
multiple observation timescales. From an applied physics standpoint, however, such structures 
represent transient configurations of an underlying dynamical process. In this perspective article, 
form dynamics is introduced as an applied physics framework that treats pathological form as a time-
dependent outcome of measurable variables and their interactions, while explicitly extending the 
Gestalt notion of archetypal forms into a compositional modelling principle for complex pathological 
dynamics 

Although modern clinical practice enables the measurement of a vast number of biological 
quantities, the dynamics of a pathological system, as phenomenological dynamic system, can be 
reduced to a more limited set of independent variables, which govern its dynamics [31]. From a 
physical standpoint, only variables associated with independent exchanges of energy, mass or 
information contribute to the system’s effective degrees of freedom, whereas many clinically 
observable quantities represent correlated or dependent manifestations of the same underlying 
processes. Consequently, the inclusion of all measurable variables does not necessarily improve the 
description of system dynamics, but may introduce redundancy and obscure causal relationships. 
Therefore, the minimal set of variables is defined as the smallest set required to close the balance 
equations governing the system’s interaction with its environment, yielding a low-dimensional yet 
physically complete representation of pathological dynamics. 

Within this framework, variables act as state parameters, while interactions represent effective 
physical couplings rooted in physical-chemical processes such as reaction kinetics, transport 
phenomena and energy dissipation. Importantly, the identification of such variables does not occur 
independently of empirical observation. Clinical data, diagnostic measurements and statistically 
validated associations provide essential information on system structure, guiding the selection of 
experimentally accessible quantities that meaningfully capture the dominant interaction pathways. 
Network representations naturally integrate within this approach by organizing empirical 
relationships among measurable quantities into coherent structural patterns. Rather than constituting 
the dynamical model itself, networks delineate the relational architecture of the system under study, 
highlighting relevant components, couplings and scales. Thus, within form dynamics, these 
representations can be reinterpreted as instantaneous structural projections of an underlying 
interaction-based dynamical system. Nodes within the representation, also identified as stocks, 
correspond to experimentally measurable variables, while links encode effective physical couplings 
inferred from data. In this way, graphical schematizations acquire a precise epistemological role, 
analogous to abstractions used in physical modelling and readily convertible into mathematical 
formulations, such as coupled balance equations or equivalent circuit representations [32]. 

As previously remarked, within this perspective the formulation of a form dynamics model does 
not proceed independently of empirical evidence. Clinical observations, semeiotic patterns and 
statistically validated associations inform the initial biophysical hypothesis by constraining the 
admissible variables, interactions and scales to be considered. Then, the resulting model represents a 
hypothesis-driven yet data-informed description of pathological dynamics, whose solutions are not 
assumed a priori to be clinically meaningful. Rather, only those dynamical regimes that are consistent 
with observed phenotypes, disease trajectories and statistically supported clinical evidence are 
retained as physically and clinically admissible representations of pathology. 
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4. Ecophysical Modelling of Human Pathology: Variables, Rates and Stability 

Living systems are open systems maintained far from thermodynamic equilibrium through 
continuous exchanges of energy, mass and information with their environment [24,33]. Within non-
equilibrium thermodynamics, such systems are described in terms of state variables (stocks) and rates 
(fluxes), whose coupling governs macroscopic organization [34]. This framework, originally 
established by Prigogine, has been further developed in physical models of dissipative and anti-
dissipative systems, provides a rigorous physical basis for biological organization sustained by 
continuous dissipation and compensatory mechanisms. At its core, this description is fundamentally 
energetic. Living systems persist far from thermodynamic equilibrium by continuously transforming, 
storing and dissipating energy, and their observable structure is inseparable from the underlying 
energetic flows that sustain it. From this standpoint, energy constitutes the primary state variable of 
biological organization, while matter and information act as carriers and mediators of energetic 
exchange [35]. Metabolic reactions, transport processes, mechanical work and signal transduction can 
all be interpreted as specific modalities of energy conversion, storage and redistribution across scales. 
Therefore, biological variables such as molecular concentrations, electrochemical potentials or 
mechanical stresses acquire meaning not as isolated descriptors, but as energetically constrained 
components of an integrated dynamical system. 

The central role of energy in pathological organization and evolution is strongly supported by 
metabolomics studies, which prove that disease states are characterized by coordinated, system-wide 
reprogramming of metabolic fluxes rather than by isolated molecular abnormalities [36]. Across a 
wide range of pathologies, metabolomic studies consistently reveal reproducible alterations in energy 
production pathways, substrate utilization, redox balance and dissipation mechanisms, giving rise to 
disease-specific metabolic signatures that correlate with phenotype, progression and response to 
therapy [37]. Importantly, metabolomics does not merely provide high-dimensional molecular data, 
but captures functional information on the rates and directions of metabolic processes, effectively 
probing the energetic state space of biological systems. Clinical applications such as metabolic 
imaging, isotope tracing and pathway-level biomarkers further show that disease-associated 
phenotypes are linked to quantitative and qualitative changes in energetic flux distributions, often 
preceding overt structural or symptomatic alterations [38,39]. 

Within this biothermodynamic perspective, pathological processes emerge when the energetic 
balance sustaining physiological organization is altered. Rather than being reducible to localized 
molecular defects, disease corresponds to a reconfiguration of energetic pathways, dissipation 
regimes and compensatory mechanisms, as empirically observed through metabolomic fingerprints. 
Changes in the coupling between energy storage, energy fluxes and dissipation give rise to new 
dynamical regimes, which may remain stable over clinically relevant timescales and manifest as 
persistent pathological forms. Form dynamics provides the physical interpretation of these 
observations by embedding them within a biothermodynamic model of interacting variables and 
fluxes, linking energetic constraints to the emergence, stability and transformation of pathological 
forms. 

Therefore, within form dynamics, pathology is treated explicitly as an energetic phenomenon 
occurring in open systems operating far from equilibrium. The formulation of variables and fluxes is 
guided by energetic consistency: only quantities contributing to independent energetic exchanges 
define the effective degrees of freedom of the system. This naturally leads to low-dimensional yet 
physically complete models, in which structure, function and stability are unified through energy-
based balance relations. Mathematical and computational techniques required to implement such 
models are well established in the literature of non-equilibrium and stochastic thermodynamics and 
biological physics [24]. Instead, the novelty lies in the systematic application of these principles to 
pathological forms, explicitly linking energetic organization to clinical observables and disease 
evolution. With this respect, Table 2 summarizes the relationship between the clinical domain aspect, 
its physical interpretation and its related model representation. 
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State variables (i.e.,: stocks) represent accumulative quantities such as molecular concentrations, 
electrochemical potentials, densities, mechanical stresses or stored free energy, while rates (i.e.,: 
flows) describe rates of transport, transformation or dissipation of energy, matter or information. In 
living systems, structure is not preserved despite dissipation, but because dissipation is continuously 
compensated by external work, typically chemical work associated with metabolic exchange [40]. 
Therefore, pathological processes correspond to altered regimes of coupling between variables and 
fluxes, resulting in qualitative changes of system-level dynamics. Within this framework, system 
structure is not imposed a priori, but inferred from empirical observations. Network-based and 
pathway-oriented approaches play a crucial role at this stage by revealing patterns of functional 
organization among measured variables, integrating molecular interactions, regulatory processes 
and clinically observed phenotypes. By combining high-dimensional biological data with phenotypic 
information derived from clinical and semeiotic evaluation, these methods identify coherent 
structural modules and dominant pathways that characterize pathological states. In form dynamics, 
such structures are not interpreted as static graphs, but as empirical representations of the interaction 
architecture underlying the system. Network-derived pathways indicate which variables are 
dynamically coupled and therefore which fluxes must be explicitly accounted for in the biophysical 
model. In this sense, network analysis provides a data-driven means to delineate the structural 
backbone of the system, while the subsequent dynamical formulation translates this structure into a 
set of interacting variables and fluxes governed by physical balance relations. Thus, phenotypes, as 
observed clinically, acquire a precise role within the modelling framework. In fact, they constrain the 
admissible structural configurations inferred from network analysis and guide the selection of 
variables relevant for describing pathological dynamics. Structure and phenotype are jointly 
determined by data, while their temporal evolution and stability are addressed through the energetic 
and dynamical principles of form dynamics. 

Table 2. Relationship between the clinical domain aspect, its physical interpretation and its re-lated model 
representation. 

Clinical domain Physical interpretation Modelling representation 

Clinical phenotype 
Observable manifestation of 
system dynamics 

Attractor or metastable dynamical 
regime 

Biomarkers 
Observable projections of 
underlying state variables 

Dependent readouts of system 
dynamics 

Disease progression 
Temporal evolution of system 
configuration 

Trajectories in phase space 

Therapeutic intervention 
External perturbation acting on 
system parameters 

Parameter variation or forcing 
term 

Disease transition Loss of stability or regime shift Bifurcation or attractor transition 
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From this perspective, pathology is naturally framed as a problem of physical modelling. System 
dynamics can be expressed through sets of coupled balance equations (typically differential 
equations) describing the temporal evolution of state variables under the action of fluxes and external 
constraints. Rather than being purely hypothetical or purely phenomenological, these equations 
constitute an evidence-constrained descriptive representation whose adequacy becomes a 
biophysical research hypothesis: the model is accepted insofar as it reproduces observed phenotypes, 
characteristic timescales and responses to perturbations within physically admissible regimes. The 
choice of variables and fluxes is informed by empirical evidence (clinical measurements, diagnostic 
data and statistically validated associations), but constrained by physical consistency: only quantities 
associated with independent exchanges of energy, mass or information contribute to the effective 
degrees of freedom of the system. Many clinically observable variables therefore act as dependent 
readouts of the same underlying processes and do not increase the dimensionality of the dynamical 
description. 

Model calibration plays a central role in this process. Parameters, such as reaction rates, 
transport coefficients, or dissipation terms, are constrained using experimental and clinical data, 
including baseline measurements, longitudinal observations and known physiological ranges. In 
pathological systems, calibration is inherently challenged by nonlinearity, partial observability and 
high dimensionality, as well as by the frequent lack of complete knowledge of initial and boundary 
conditions. Within this context, calibration does not aim at exhaustive parameter fitting or the 
identification of a single optimal solution. Rather, it seeks to restrict the model to regions of parameter 
space that are physically plausible, biologically meaningful and consistent with observed 
characteristic timescales and system-level behaviours. Thus, empirical data define admissible 
dynamical regimes instead of unique parameter sets, acknowledging that different microscopic 
configurations may produce similar macroscopic phenotypes. A variety of calibration strategies 
addressing these challenges has been developed and extensively discussed in the literature, including 
frequentist and Bayesian approaches, robust and conditional calibration schemes, identifiability and 
sensitivity analysis, and global optimization or metaheuristic methods for nonlinear dynamical 
systems [41]. These methodologies provide a mature computational foundation for parameter 
inference in complex biological models and are not reviewed here. Within form dynamics, calibration 
functions as a selection mechanism on the space of admissible models: it excludes parameter regimes 
incompatible with empirical evidence while preserving those capable of reproducing observed 
phenotypes, temporal evolution and responses to perturbations. This regime-oriented view of 
calibration is consistent with the objectives of form dynamics, which focuses on identifying and 
characterizing stable and metastable pathological forms rather than on reproducing isolated 
measurements. 

The resulting dynamical system generally admits multiple mathematically admissible solutions. 
Within form dynamics, pathological structure is interpreted as an emergent property of these 
solutions. Stable physiological conditions correspond to attractors in phase space, whereas 
pathological states arise from loss of stability, bifurcations or the emergence of alternative attractors 
[42,43]. Then, model validation becomes a central and non-trivial issue. In the context of dynamical 
systems, validation does not coincide with goodness-of-fit, nor with the mere reproduction of the 
data used for calibration. Rather, it concerns the ability of a model to generate trajectories and system 
responses that are consistent with independent empirical observations, known physiological 
constraints and experimentally accessible perturbations. 

Importantly, not all mathematically consistent solutions are considered biologically or clinically 
relevant. Within form dynamics, admissible pathological forms are selected by imposing constraints 
derived from empirical observation at multiple levels: consistency with measured variables and their 
temporal evolution, compatibility with observed phenotypes and disease trajectories, and coherence 
with clinical and statistical evidence across conditions [44,45]. Solutions that violate reachability 
constraints, generate unobserved states, or fail to reproduce known transitions under realistic 
perturbations are discarded as physically or biologically implausible. Then, validation is initially 
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approached as a process of exclusion and refinement, rather than confirmation of a single optimal 
solution. This perspective aligns with established approaches in systems biology and mathematical 
physiology, where inverse problems are typically ill-posed and multiple parameterizations or 
trajectories may fit the same data. In such settings, ensembles of admissible models are retained, and 
their predictive performance is assessed under new conditions, perturbations or boundary 
constraints. Within form dynamics, validation acquires a specific dynamical meaning: a model is 
considered valid insofar as it captures the qualitative organization of the pathological system (its 
stable regimes, transition pathways and response to interventions), rather than reproducing isolated 
measurements. This emphasizes predictive coherence and mechanistic plausibility over parameter 
identifiability, providing a physically grounded criterion for selecting pathological forms that are 
both dynamically admissible and clinically meaningful. 

Perturbations, including therapeutic interventions, can be modelled as parameter variations or 
external forcing acting on variables or fluxes, allowing quantitative assessment of system response 
and stability [13]. Thus, disease progression is interpreted as a dynamical transition driven by 
redistribution of energy, matter or information, often occurring through continuous deformation of 
the dynamical landscape rather than abrupt structural failure. Within this framework, early warning 
signals, tipping points and regime shifts naturally emerge as physically grounded indicators of 
pathological evolution. 

In this sense, form dynamics does not replace clinical reasoning, semeiotics or statistical 
validation, but provides a unifying physical layer in which these elements acquire mechanistic 
meaning. Clinical data and network-based representations inform the identification of relevant 
variables and couplings, while the ecophysical model constrains their dynamical interpretation. 
Structure and dynamics are therefore treated as inseparable aspects of pathology, grounded in non-
equilibrium physics and expressed through experimentally testable models. 

5. Toward Forms Dynamics as a New Applied Research Field 

Form dynamics is proposed here as a distinct research field within applied physics, conceived 
as a general modelling approach for complex systems whose organization and evolution arise from 
constrained interactions among physically meaningful variables. From this standpoint, form 
dynamics is not intrinsically biomedical: it represents a universal physical methodology for studying 
systems operating far from equilibrium, in which structure, function and stability emerge from the 
interplay of energy, matter and information flows. Its theoretical foundations are rooted in non-
equilibrium thermodynamics and dynamical systems theory, and its scope extends, in principle, to 
any complex system characterized by interacting subsystems and multi-scale organization. 

Within this general framework, forms are treated as dynamical entities rather than static 
configurations. Archetypal interaction patterns, whose characteristics are already assessed in the 
literature, constitute elementary physical forms, which can be combined, coupled and reorganized to 
describe the evolution of complex systems over time [46,47]. In this sense, form dynamics provides a 
modelling language capable of capturing how macroscopic organization arises, persists and 
transforms as a result of underlying interaction laws, without being restricted to a specific application 
domain. 

Human pathology represents a particularly relevant and challenging application of this general 
methodology. When instantiated in the biomedical context, form dynamics provides a physically 
grounded framework for modelling disease as a dynamically evolving organization, rather than as a 
collection of correlated abnormalities. Pathological states are interpreted as metastable dynamical 
regimes of a biophysical system, while clinical phenotypes correspond to macroscopic manifestations 
of these regimes. Disease progression and therapeutic response are naturally described as transitions 
within a dynamical landscape shaped by energetic and interaction constraints. 

In this setting, form dynamics does not replace existing biomedical approaches such as network 
analysis, system thinking or data-driven modelling. Instead, it integrates them within a physically 
consistent modelling framework, where structural information extracted from data constrains the 
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interaction architecture, and empirical observations delimit admissible dynamical regimes. Clinical 
reasoning and evidence-based medicine remain essential for defining relevance, feasibility and 
validation, while form dynamics provides the physical model through which such evidence is 
interpreted dynamically. 

As a result, form dynamics can function both as a research tool and as a supporting framework 
for clinical practice. In translational research, it enables the formulation and testing of biophysical 
hypotheses that link molecular, cellular and tissue-level observations to clinically observable 
phenotypes. In the clinical context, it supports the interpretation of disease trajectories and 
therapeutic interventions as controlled perturbations of a dynamical system, offering insight into 
stability, compensatory mechanisms and potential regime shifts. 

More broadly, the form dynamics framework provides a foundation for physics-informed in 
silico representations of pathological systems, enabling the exploration of counterfactual scenarios 
beyond purely statistical extrapolation. Because models are constrained by physical principles and 
calibrated against empirical data, such representations retain interpretability and mechanistic 
coherence while supporting simulation-based reasoning. 

In summary, form dynamics defines a general applied physics methodology for complex 
systems, whose application to human pathology illustrates its capacity to integrate modelling, 
empirical evidence and clinical interpretation within a unified physical description. In this sense, 
pathology does not define the limits of form dynamics, but rather constitutes a domain in which its 
methodological potential becomes both scientifically and societally significant. 

6. Conclusions and Outlook 

The perspective developed in this article proposes forms dynamics as a physically grounded 
framework for interpreting human pathology as the dynamical evolution of structured 
configurations sustained by continuous exchanges of energy, matter and information with the 
environment. By combining concepts from non-equilibrium thermodynamics, complex systems 
modelling and Gestalt-inspired structural reasoning, this approach reframes pathological states as 
emergent dynamical regimes rather than as static structural conditions. 

A key question concerns the operationalization of this conceptual framework. In practice, forms 
dynamics can be implemented through a sequence of methodological steps that are already well 
established within biophysics and systems modelling. First, empirical data derived from clinical 
observations, diagnostic measurements and omics datasets can be used to identify candidate 
variables and interaction pathways, often through network-based analyses that reveal structural 
modules and dominant couplings. Second, these empirically inferred structures can be translated into 
physically meaningful dynamical representations by formulating variables and fluxes consistent with 
conservation laws and energetic constraints. The resulting models can be expressed either 
mathematically, through coupled balance equations, or graphically, using schematizations 
equivalent to interaction circuits that encode the same dynamical relations. Third, model calibration 
and validation procedures allow the identification of admissible dynamical regimes consistent with 
physiological ranges, observed trajectories and responses to perturbations. Within this workflow, 
pathological forms correspond to stable or metastable dynamical configurations emerging from the 
calibrated system. 

From a research perspective, this framework offers a unifying methodological language for the 
study of complex pathological systems. By focusing on energetically consistent variables and 
interaction laws, form dynamics complements purely statistical or data-driven approaches with 
mechanistic interpretability. It allows heterogeneous datasets (clinical measurements, metabolic 
profiles, physiological signals and molecular data, etc.) to be integrated within a physically 
constrained modelling structure. Such integration may contribute to bridging the gap between high-
dimensional biomedical data and explanatory models capable of capturing disease mechanisms 
across scales. 
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In the biomedical domain, the potential applications of this approach are particularly relevant 
for translational research and clinical decision support. Dynamical models calibrated on patient-
specific data could serve as the basis for physics-informed digital twins of pathological systems, 
enabling the exploration of counterfactual scenarios and the prediction of system responses to 
therapeutic perturbations. Within this perspective, treatments may be interpreted as controlled 
interventions that modify system parameters, alter flux distributions or shift the stability landscape 
of the pathological system. Such a representation may improve the understanding of treatment 
resistance, disease progression and regime shifts in complex disorders such as cancer, metabolic 
disease or chronic inflammatory conditions. In other words, the proposed framework would support 
the identification of archetypal dynamic structures, currently associated to metabolic pathways, that 
could be used to implement the classification of different pathologies, their diagnosis and the 
identification of poly-target therapeutic strategies, that are now being investigated in pharmaceutical 
research. Moreover, this approach would move beyond the purely phenomenological basis that still 
prevails in clinical practice, while allowing to implement in silico approaches, that would allow to 
implement digital medicine tools for the identification of disease progression patterns, supporting 
more effective diagnostic and therapeutic approaches. 

Beyond scientific and clinical implications, the broader impacts of this perspective may extend 
to economic and societal domains. Mechanistically interpretable models of disease dynamics could 
enhance the efficiency of biomedical research by guiding hypothesis generation, prioritizing 
experimental targets and reducing reliance on purely empirical trial-and-error approaches. In clinical 
practice, improved predictive modelling of disease trajectories may contribute to more personalized 
therapeutic strategies, potentially reducing costs associated with ineffective treatments and late-stage 
interventions. From a societal perspective, such developments are directly aligned with the objectives 
of sustainable healthcare systems and with the broader framework of the United Nations Sustainable 
Development Goals, particularly SDG 3 (Good Health and Well-being). By improving the 
mechanistic understanding of disease processes and supporting earlier and more targeted 
interventions, physically grounded models of pathology may contribute to enhancing health 
outcomes, optimizing resource allocation and strengthening the resilience of healthcare systems. 
Moreover, the development of physically interpretable models of pathology may support the 
emergence of more transparent and explainable biomedical decision-support systems, reinforcing 
trust in computational tools used in healthcare and promoting responsible integration of modelling 
approaches into clinical practice. 

More broadly, forms dynamics should be viewed not only as a biomedical modelling strategy 
but as a general methodological approach for the study of complex physical systems. By treating 
structured configurations as dynamical forms emerging from interacting variables and fluxes, the 
framework may be applicable across multiple domains of applied physics where complex 
organization arises far from equilibrium. Within the specific context of human pathology, however, 
its primary value lies in providing a physically consistent bridge between clinical observations, 
biological data and dynamical system modelling. Future research will be required to develop 
standardized workflows, datasets and computational tools that allow systematic implementation of 
form dynamics in biomedical contexts. Empirical validation across different classes of diseases will 
be essential to assess its practical utility and predictive capability. If successfully operationalized, this 
approach may contribute to establishing a new research direction at the intersection of applied 
physics, systems biology and clinical medicine, in which pathological processes are studied as 
evolving physical forms governed by identifiable interaction laws. 
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