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Abstract

This work explores the application of a Category Theory model, advocating a paradigm for
comprehending human experience and the communication process of a complex system
from the perspective of a living Anticipatory System. Following the principles created by
Robert Rosen for the anticipatory system and associated models—models that respect the
principles of impredicativity, anticipation, and closure to efficient cause (CLEF)—we pro-
pose the Performance–Resilience–Sustainability (PRS) model. This new model introduces
a new way to explain how anticipatory systems can elucidate the portions of variability
observed in practice and research. Anticipatory system theory suggests that models such as
PRS have significant potential to complement and explain dynamic phenomena observed in
communication and experience development research, as well as in practical applications,
underscoring the transformative potential for both fields. This class of models for complex
systems may introduce a new dimension of emergent causality and its impact on current
behavior, which was not previously considered.

Keywords: relational modeling; anticipatory system; impredicative systems; communication;
change; experience; development

1. Introduction
In recent years, Dynamical Systems Research (DSR) has been increasingly applied

to specific cases of human interaction within frameworks that capture the nature of the
human being as a complex system structure and its dynamics over time, studied through
Dynamic System Theory (DST). The communication process addressed by that framework
aims to gain a better understanding of how the interaction, in conjunction with the individ-
ual’s experience, works and attempts to propose models of structure and change. These
endeavors have mainly focused on investigating the oscillations of intrapersonal [1] and
interpersonal synchronization (H-L Sync) and the stability–flexibility of process variables
(S-F oscillations) [1,2].

Time-varying parameters characterize the human interaction process. Therefore, we
can use a nonlinear dynamic systems perspective to interpret the individual’s behavior
during communication in personal development processes [3]. Dynamical Systems Theory
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(DST) addresses the researcher’s need to explain the self-organization of states characterized
by stability through attractors, and the dynamic, changing states of these attractors through
control and order parameters [3].

The literature often operationalizes the system’s variability employing the Shannon
entropy; its increase would determine a period of high variability in the system at hand [4,5].
Another widely used method is Dynamic Complexity, which incorporates the amplitude,
frequency, and distribution of values across the scale range. The measure is calculated
within a gliding window, indicating peaks of signal instability [3]. Authors also emphasize
the non-deterministic aspect of psychotherapy as a specific process of communication dy-
namics, with a directed, purposeful aim of change, along with the idea of self-organization
and emergence [6,7]. They sometimes do not present an explicit model they follow but use
that terminology vaguely.

The review by Kolcek and colleagues reveals that modeling is an understudied area [8].
Only three models were proposed before 2019 [2,9], and subsequent developments have
employed combinations of formal theories or a selection of variables. As Klocek sug-
gests, not all the evidence we collect for human change is needed to show a nonlinear
dynamic [10]. In another review, de Felice (2024) [1] highlights three main areas of Dynamic
System Research, including the study of oscillations in synchronization, and investigating
fluctuations between the stability and flexibility of process variables (S–F oscillations) with
the use of mathematical modeling, to analyze the development process over time—and
we note that mathematical modeling studies often rely on differential equations [1,2,9,11].
Recently, the Pattern Transition Detection Algorithm (PTDA) was created to detect transi-
tions between dynamic patterns in human change processes. It integrates measures like
Dynamic Complexity [3], Recurrence Plots, and Recurrence Quantification Analysis [12], or
amplitude and frequency measures in Time Frequency Dynamics [3].

The approach of using DSR to interpret the variation and change in the communication
process helped us to gain a process-oriented view rather than a static one. While the
DSR’s focus is mainly on a system’s evolution over time, we must underline that the
system’s complex characteristics come from the interactions of the multiple components [13].
However, complexity, as a concept, comes in different “flavors” and meanings, and the
distinction between simple and complex systems currently used in the DSR does not
differentiate between living and non-living systems.

A system’s parameter variation is explained by a mathematical formula that shows
changes in the state parameters using differential equations. Therefore, when we study the
dynamics of the human communication variables, we are implicitly dependent on interpre-
tations of a mathematical apparatus that describes the system structure and dynamics [14].
Such mathematical language and description originate in a tradition in physics that deals
with the universe of non-living entities. Moreover, because this is sometimes extended
to the process of variation, we will presuppose a system that has a causal mechanism.
These mechanical systems exhibit a behavior that can be simulated and modeled by a
computable algorithm.

This leads to an implicit selection of the types of systems and their consequent variable
dynamics that we consider in communication processes and experience change research. In
fact, the current explanations of behavioral variable dynamics are predominantly focused
on past determinism.

Therefore, instead of relying on mechanistic models that fail to capture the complexity
inherent in living organisms, an implicit need can be identified for DSR, which will need
to identify and use systems-based models that effectively account for this complexity,
particularly by including future states in the model, as is the case for living organisms. To
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address these limitations, we propose analyzing communication dynamics and experience
variation through the lens of Robert Rosen’s (1979) anticipatory system model [15].

Such a system adequately describes the complexity of living organisms and has
three main characteristics: impredicativity, anticipation, and closed-to-efficient-causation
(CLEF) [16]. Anticipatory systems allow us to introduce new categories of models for use
in behavioral and linguistic research and practice. Such models can be described using
the universal language of mathematics, known as Category Theory (CT). This will enable
us to distinguish between simple and complex systems, as required by the dynamics of
communication variables and reported experiences, which presuppose interactions among
living systems (as opposed to mechanical, non-living systems). Furthermore, new models,
including those from the past and the future, can explain the variability we empirically
observe in behavioral, neurological, and linguistic research. These models, in addition to
their contributions to overall variability, make it possible to incorporate a different kind of
causal emergence into the picture of communication and experience change via anticipatory
systems’ properties.

Robert Rosen’s relational biology framework challenges reductionist approaches by
demonstrating that living systems possess organizational closure that cannot be captured
by purely mechanistic models. His central concept, the (M,R)-system (Metabolism–Repair),
describes organisms through closure to efficient causation: metabolic processes (M) produce
components, while repair mechanisms (R) maintain metabolism itself, creating circular
causality where components are simultaneously causes and effects. This impredicative
organization—where functions are defined in terms of what they produce—means organ-
isms are complex in Rosen’s technical sense: no single formal model can fully represent
them. Consequently, living systems are non-fractionable; decomposition destroys essential
relational properties. Rosen further characterized organisms as anticipatory systems con-
taining internal predictive models that guide current behavior based on expected future
states, fundamentally distinguishing them from reactive machines and revealing inherent
limits to the computational simulation of biological organization [15].

Building on Rosen’s concept of closure, our theoretical work proposes a novel approach
that uses impredicative models to explain dynamics that lead the system’s future states,
and then extends these relational principles to predict human communication and changing
of the experience.

To achieve this, the following section summarizes current system theories and the
models applied in the field of human change and development. Section 3 proposes and
describes the new anticipatory system in detail. Section 4 describes a specific anticipatory
system model, Performance–Resilience–Sustainability (PRS), and its realizations. Section 5
concludes with possible applications to research and practice. The conclusions highlight
the limitations and potential of this new perspective.

2. Systems: A Theoretical Framework for Communication and
Human Change

A scientific account of human behavior, behavioral change, and lived experience
inevitably depends on theory building. Early work in the natural sciences—shaped by the
assumptions of classical physics—tended to adopt reductionist, linear models that aimed
to isolate variables in experimental settings and relied on the premise of unidirectional
causality. However, this view collapsed when faced with complex phenomena, leading
to the introduction of General Systems Theory (GST) as a new perspective on nature, em-
phasizing organizing principles that emerge from the whole rather than isolated parts [17].
From the GST perspective, organisms are open systems. They exchange energy, matter, and
information with their environments. Thus, we cannot fully describe their organization us-

https://doi.org/10.3390/systems14030279

https://doi.org/10.3390/systems14030279


Systems 2026, 14, 279 4 of 22

ing closed-system mechanisms alone [18]. Cybernetics was built on this idea. It formalized
concepts like feedback and control. This shows that regulation in complex systems can
happen through negative (stabilizing) feedback and positive (amplifying) feedback [19].
Information theory gave us tools for measuring uncertainty, redundancy, and channel
capacity in communication [20]. Together, these developments fostered a systems view in
which communication and behavior are emergent properties of interacting components
spread across different levels and timescales.

These new theories offer a fresh look at human interaction. The Palo Alto interactional
approach changes how we view communication. It sees it as a circular, back-and-forth
process. This approach breaks away from the old model in which one person sends and
the other receives. Instead, behavior becomes both cause and effect. Change reshapes
interactions in a network. It is not just a quick reaction to one trigger [21,22]. This approach
laid the groundwork for later developments—autopoiesis, complex adaptive systems, and
synergetics—that explore how organization is maintained, transformed, and sometimes
self-generated in living and social systems [13,23–25].

The following are core principles of systems theory that direct communication
and change:

1. Interdependence and wholeness are fundamental principles of systems theory. A
system’s behavior emerges from relationships among its parts. In communication,
meanings grow from interactional contexts. This includes metacommunication and
punctuation, not just content [21,22,26]. Traits such as trust, roles, and culture result
from reciprocal exchanges; they are not confined within any single component.

2. Open systems and boundaries. Human systems (individuals, dyads, teams) are
open to their environments; boundaries (roles, identities, norms) regulate ex-
changes and change over time [18]. Therapeutic settings intentionally create semi-
permeable boundaries to focus communication while staying connected to the client’s
broader ecology.

3. Feedback and circular causality. Negative feedback maintains homeostasis (e.g., turn-
taking rules, etiquette); positive feedback can trigger cascades (e.g., rumor amplifi-
cation, conflict spirals) [19]. Systemic communication theories emphasize circular
rather than linear causality—each person’s move is also a response to the other’s
move [21,22].

4. Nonlinearity and emergence suggest that outputs do not scale directly with inputs.
Minor adjustments, like changes in timing or tone, can suddenly shift results. Also,
new patterns, such as alliances or shared narratives, form through coordination. In
psychotherapy, significant changes usually occur after key shifts instead of steady
progress [1,13].

5. The emergence and integration of new patterns are produced in the moments of
alternation between the phases of relative stability (shared expectations) and explo-
ration (new responses) observed through stability–flexibility oscillations. Increased
variability (critical fluctuations) may signal an approaching pattern transition, during
which the system can reorganize and stabilize around a new attractor [1,11].

6. Coordination and alignment occur naturally in communication, as people synchronize
across various levels—physiology, movement, prosody, and semantics—facilitating
mutual understanding and cooperation [27–30]. Adaptive systems adjust coupling
strength: insufficient synchronization causes fragmentation, while excessive synchro-
nization leads to rigidity.

7. Information theory frames communications in terms of uncertainty and redun-
dancy [20]. We use meta-messages in everyday interactions, such as tone, fram-
ing, and even punctuation. These are meaning-making contexts within social sys-
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tems [21,22,26]. Change frequently occurs by reframing information flows—altering
who knows what, with what credibility, and at what time.

Many of the fundamental insights of systems theory into people and society are
conceptual, such as representing the family as a system or considering the therapist as
participant–observer [21–23,26]. However, some approaches go a step further and incor-
porate mathematical formalism. Feedback dynamics are represented mathematically in
cybernetics or control theory [18]. Algorithms for quantifying uncertainty and redundancy
are used in information theory [19]. Synergetics is built on ideas about order parame-
ters, phase transitions, and pattern formation in complex systems [3]; fractal structures as
outputs of complex systems for describing personality, self, and resilience [31]. Organiza-
tional closure in living systems is a tool used in explaining autopoiesis [23,24]. Moreover,
time-series analysis, entropy, and attractors are used to monitor real-time changes in
psychotherapy [1,3,12].

These tools help connect experience-specific phenomena (narratives, alliances, rup-
tures) with process-level patterns (variability, synchronization, transitions), enabling a
science appropriate for addressing human change [1].

The communication landscape involves multiple levels. Information is communicated
as restrictions in the variability that shape behavior across neural, bodily, interpersonal,
and institutional levels. Research on brain-to-brain coupling indicates that effective com-
munication occurs when there is synchronized activity between speakers and listeners; this
coupling predicts the experience of being understood and rapport [27,28]. In everyday
human interaction, nonverbal synchrony (such as patterns of posture, gestures, and facial
expressions) reflects the quality of the alliance and is a predictor of outcome related to
a good experience [29,30]. From a systems perspective, these are measurable feedback
processes: alignment maintains shared meaning, while misalignment signals disruption
and potential reorganization.

Tools such as recurrence quantification analysis (RQA), cross-recurrence, and dynamic
complexity are methodologies that detect critical fluctuations, coupling/decoupling, and
phase transitions in naturalistic interaction [3,12]. These approaches quantify when a
system is about to change (rising variability) and how new patterns form (increasing
coherence), connecting communication micro-dynamics to macro-level adaptation.

A particular example of communication is psychotherapy [6,32]. The psychothera-
peutic process is a deliberately designed communication system—a semi-defined context
where interaction patterns are observed, disturbed, and reorganized to promote adap-
tive change. The interactional view considers symptoms as relational communications
embedded in circular patterns [33]; therefore, lasting change requires re-patterning commu-
nication (punctuation, metacommunication, reframing) rather than just adding inputs to
individuals [21,22,26]. Studies on the process of psychotherapy have shown critical insta-
bility before breakthroughs, oscillations between stability and flexibility during progress,
and synchrony as a marker linked to alliance and outcome [1,29,30]. In practice, clinicians
modify information flows (clarity, pace), rules (who speaks or makes decisions), and feed-
back timing (check-in cadence) to shift the system toward healthier attractors—approaches
that align with systems leverage points and can be measured with modern time-series
methods [12,29,30].

3. Anticipatory Systems: Models for Living Systems
This part of the article will use the mathematical metalanguage of relational biology

and Category Theory without defining terms like category, functor, and natural transfor-
mation. Brief definitions of these terms can be found in Appendix A. For more detailed
explanations, it is possible to read Robert Rosen and Aloisius Louie’s work in Relational
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Biology and Relational Modeling. The modeling relation and the arrow diagrams may be
explained without the category-theoretic details.

As noted in the previous section, the development of the DSR has been toward models
that view complexity as a suitable framework for communication and experience dynamics.
In this section, we introduce an alternative definition of complex systems for application in
communication and human change science, alongside an impredicative class of models
representing future states of the self, experience, and communication patterns [34]. This will
make it possible to align the common experience of a person about the self, the imagined
future that is elicited from normal communication to psychotherapeutic interventions, and
the variability we encounter in empirical research with a theoretical framework that is
backed up by the rigor of Category Theory language.

There is no single universally accepted definition of a complex system. Several defini-
tions appear in the literature. The main characteristic stressed by each definition underlines
that a Complex System is composed of many interacting units showing emerging properties
that cannot be understood in terms of the properties of the individual isolated components.
In these terms, complexity is the triumph of emergence over reductionism [35,36].

As Rosen proposes [15], a science suitable for living organisms requires three inter-
connected elements—impredicative complexity, an anticipatory model, and a hierarchical
cycles model that is closed to efficient causation—and these are the key aspects of a complex
system definition we adopt in this paper. Because having a human experience depends
on life, we will extend the science of life to explain how the mind and human interactions
might function. Without delving into the full proof that Rosen and Louie have extensively
developed to explain the life system, we will briefly outline the necessary details to establish
the foundation for a proposed model of the mind for the processes and transformations
encountered in human communication and the experiences revealed.

3.1. Impredicative Complex Systems

A chess board with 32 individual pieces and 64 squares has more possible moves
than there are atoms in the universe, a number known as the Shannon number [37]. That
could provide an experience that aligns with at least the first part of the definition from the
Cambridge Dictionary, which refers to “the state of having many parts and being difficult
to understand or find an answer to.” [38]. A complex system is contrasted with a simple
system [16].

In relational modeling, a simple system is one in which all its models are simulable.
In other words, a system is considered simple if it can be fully simulated or represented
by a model. The concept of a simple system is closely related to the world of mechanisms,
which is the primary focus of contemporary classical physics. It is a closed, orderly world
in which all degeneracies or non-genericities of mechanisms are well understood.

A simple system is defined by its predictability and can be described entirely using a
single mode of representation. It represents a world where the components, variables, and
their interconnections are straightforwardly quantifiable or computable from measurements.

A simple system can be understood and analyzed within a specific framework or set
of rules without requiring multiple, non-equivalent encodings or representations. It only
exhibits predicative loops and can be broken down into simpler, context-independent sub-
systems. In logic and the philosophy of mathematics, the concept of predicativity is defined
in contrast to impredicativity. While predicative systems avoid self-reference, impred-
icative systems permit definitions or properties that refer to the entire system, including
themselves. As Louie notes, impredicativity is the property of a self-referencing definition.

Bayesian inference in Rosen’s terms would be classified as an example of simple
systems, because they are good examples of algorithmic simulations [39], even if they do
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not capture the relational closure needed for the complexity as considered in the article.
Both models involve prediction, updating, and feedback, and address how the systems
anticipate future states, but for different reasons. Specifically, M is not a prior probability but
an internal relational model, and E effector is not a likelihood weighting but a component
in the causal closure.

Dissipative structures and Chemical AI demonstrate self-organization in inanimate
matter far from thermodynamic equilibrium. These systems remain fully simulable and
thus would be classified as simple systems in Rosen’s relational framework, lacking the
impredicative closure that characterizes living complexity [40].

A complex system cannot be completely described or simulated by a finite number
of simple models or mechanisms. This is because the properties or behaviors of such a
system cannot be reduced to or completely captured by simpler models. For a system to be
complex, it needs the interactions and relationships between its components to give rise to
emergent properties or behaviors that are not found in the parts we consider separately.

Because a complex system is rich in interactions, dependencies, and emergent prop-
erties, it will be extremely difficult to understand or predict its behavior using traditional
reductionist approaches. The concept of complexity in systems theory extends beyond sim-
ply being complicated. It has to have a holistic nature of systems and the interconnectedness
of their components.

Complexity does not appear as a simple attribute in a living system. But it is a
fundamental characteristic that actively shapes the system’s behavior. Thus, complexity
is not just a derivative of the number of components or interactions within the system.
We use complex systems to describe how organisms encapsulate the system’s inherent
nonsimulability, a term Rosen coined to describe the inability to fully replicate the system’s
behavior through a computational model [41]. This distinctive nonsimulability feature sets
complex systems apart from mechanical or simple systems, as Rosen would call them; it is
the first property of a system to describe a living one [42,43].

3.2. Anticipatory Systems

The second property of a system to be able to describe a living organism is related to
the concept of anticipation. A complex system with an impredicative property can also be
an anticipatory system if it contains a model of itself and an external environment, based
on which it creates predictions and takes antecedent actions.

A diagram proposed by Rosen in 1972 contains a system S, an effector E, and the
predictive model M (Figure 1) [15].

An anticipatory system can be contrasted with a reactive system. It is a system (S)
that includes an internal predictive model (M) and an effector (E). In step (1), the model
(M) provides an input to the effector (E), and subsequently, in step (2), the effector alters
the state of the system (S). At the same time, the effector sends inputs to the model (M) in
step (3). In an anticipatory system, the present states are informed by both past models
and models to be used as predictors of the future, whereas in a reactive system, the current
states depend only on the past.

Two important conditions must be met for a system to anticipate: first, it must have
an internal predictive model, and second, it must change behavior in accordance with the model’s
prediction. We must note that the model is not an exact copy of the system, but rather a
representation of it.
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Figure 1. Rosen’s Anticipatory System Diagram [44]. The diagram illustrates a system (S) that
includes an internal predictive model (M) and an effector (E). In step (1), the model (M) provides
an input to the effector (E), and subsequently, in step (2), the effector alters the state of the system
(S). At the same time, the effector sends inputs to the model (M) in step (3). The overall system will
impact the environment through its output. The system uses this model to predict future states and
take appropriate action. This anticipatory nature allows the system to adapt and respond proactively
rather than merely react to past events. (Adapted with permission from A. H. Louie).

In the universe U, we have a system S that contains a model M, which creates a model
of subsystem W. Model M reflects the realization of world W via encoding “ε” and realizes
the model’s prediction via decision entailment “δ”. Louie presents the graphics of such a
model (Figure 2):

 
Figure 2. The embodiment of anticipation, the internal predictive model [44]. System S divides
universe U into self (S) and nonself (environment, Sc = U ~ S). W is part of both; it may cross the
self-nonself boundary. (Adapted with permission from A. H. Louie).

We must note that, in the context of anticipatory systems, complexity is not merely
a measure of the system’s adaptability. From the perspective of relational modeling, a
complex system is not simple, though it is not definable by a computable predicative
algorithm. A complex system, in the view of relational modeling, incorporates models
containing impredicative elements, including hierarchical cycles.
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The complexity of anticipatory systems, however, is not a static property. It is a
dynamic attribute that evolves in tandem with the system. Rosen astutely notes that system
complexity extends beyond the mere number of elements and their interactions. Adaptive
constraints derived from a changing environment enhance the anticipatory system’s ability
to adapt.

Feedforward regulation is a concept used to describe the behavior of physiological
systems, such as the endocrine and immune systems. It is a testament to life’s anticipatory
processes and the complex nature of the world. Governed predominantly by feedforward,
model-based regulators, these systems are a testament to the adaptability and complexity
inherent in biological systems.

Consider the endocrine system, a marvel of feedforward regulation. Tasked with
producing and regulating hormones, it operates not merely in response to the body’s
current state but in anticipation of future needs. It is akin to a master conductor, anticipating
the crescendos and decrescendos in a symphony and adjusting the orchestra’s tempo
accordingly. The endocrine system, thus, does not merely react to the body’s current
hormonal needs but proactively adjusts hormone production and release based on predicted
future requirements [45,46].

Another example of feedforward regulation is found in the immune system, which
demonstrates a high capacity for foresight. The immune system, in addition to reacting to
known invaders, prepares for potential pathogens that may arise and with which it has
not yet had contact. It creates these patterns and, along with recognition patterns, stores
them in memory cells via specific antigenic signatures. Therefore, it can respond quickly to
both known and new agents. This ability to “remember” and “anticipate” is evidence of
the system’s anticipatory nature. The chances of survival and evolution of an organism are
intrinsically associated with the immune system’s anticipatory capacities.

3.3. Closed to Efficient Causation (CLEF) Systems

System theory is a science focused on organization and function, which must be
studied separately in relation to the structural properties of natural systems. Nicolas
Rashevsky, a pioneer of the development of mathematical biology and Robert Rosen’s
PhD supervisor, proposed that organisms’ organizational and functional relations could
be mathematically modeled. They created models by representing them as topological
spaces, specifically as one-dimensional directed graphs [16]. Furthermore, Rosen used the
mathematical language of Category Theory to develop its Anticipatory Systems theory.

Category Theory was introduced in 1945 by Samuel Eilenberg and Saunders Mac
Lane [47]. It emerged from work in algebraic topology and homological algebra as a way
to formalize “natural” constructions—especially functors and natural transformations. It
provides a unifying language that foregrounds objects and the morphisms between them.
Category Theory is enabling comparisons and transfers of structures and results across
different mathematical domains (including algebra, geometry, and topology). By shifting
attention from elements to structure-preserving relationships, Category Theory has become
a foundational framework for abstraction in modern mathematics, supporting notions such
as equivalence, duality, limits, and colimits. Some of the basic concepts of Category Theory
are objects, morphisms, and diagrams [16]. A category is, by definition, made up of objects
and morphisms that represent the relationships or associations between objects. Objects
can be considered mathematical entities, while morphisms are the associations or functions
between these entities. The visualization of relationships and compositions is achieved
through diagrams and ensures the structural integrity of the mathematical constructions
they represent [48].
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Considering two categories of sets, A and B, we establish an entailment between the
elements of these two categories:

f: a 7→ b, (1)

Because
b = f(a), (2)

We can rewrite
f: a 7→ f(a), (3)

While lowercase letters denote individual elements within sets, uppercase letters de-
note the sets (or categories) themselves, following standard category-theoretic convention.

This can be represented in a relational diagram (Figure 3):

Figure 3. A relational diagram where an element a of the set A as input is processed by the function f
into the output b.

According to Rosen, the functional components of a natural system can create different
kinds of entailments that relational models explicitly acknowledge. These entailments origi-
nate from an unexpected source, the old Aristotelian doctrine of the categories of causation.

Louie discusses the evolution of the term “cause” from its origins in Aristotle’s Greek
term “αίτιoν” (aition), which was initially translated into Latin as “causa”. He points out
that, over time, “causa” has evolved into the contemporary English “cause”, commonly
understood as “that which produces an effect”. Louie suggests that this interpretation
might lead to semantic misunderstandings. He argues that Aristotle’s original concept
was broader, encompassing “grounds or forms of explanation” rather than merely the
production of effects. Therefore, he proposes that a more accurate translation of Aristotle’s
intent would have been “explanatio” in Latin, aligning more closely with the idea of
explaining rather than causing [16].

In Relational Theory, a material cause can be represented as the objects or entities that
serve as inputs and substrates for a system, constituting the essential physical components
of a relational composition. In the above diagram, if ‘a’ were a cause and ‘b’ an effect,
we would ask in the Aristotelian framework, ‘Why b?’ The element ‘a’ would represent
the material cause of the element ‘b’, which is a final cause. In Relational terms, the
final cause could be represented as the goal or function of a system, guiding interactions
and organization of the other causes. This might be modeled as a global constraint or
goal state in an anticipatory system. The solid-headed arrow depicts the transformation
and represents the functional component. In relational terms, this corresponds to the
Aristotelian Efficient Cause, which refers to the functional dynamics within the system,
possibly depicted as the process represented by arrows between objects. These solid-
headed arrows can be seen as functions or operations that produce changes and results.
The composition of solid (as a representation of Efficient Cause) and hollow-headed (as a
representation of Material Cause) arrows, in relational theory, stands for the Formal Cause,
which can be viewed as an organizational pattern a system assumes. In Category Theory,
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this might be represented by specific arrangements of arrows (morphisms) that depict the
relationships between material components.

The arrangement described above outlines the composition rules for integrating multi-
ple diagrams into a new organizational framework. By employing a sequential composition,
it is possible to link two mappings. If we have two mappings, we can use a sequential
chain of composition (Figure 4):

Figure 4. Relational diagram with sequential composition rules. The left side Final Cause output
becomes the Material Cause input for g. In short form, this can be displayed as a right-side diagram
where g ◦ f.

As shown in Figure 4, the left-side Final Cause output becomes the Material Cause
input for g. In short form, this can be displayed as a right-side diagram where g ◦ f is the
new mapping:

g ◦ f: a 7→ c, (4)

We can also use hierarchical mapping because, according to the definitions of Category
Theory, there is no distinction between objects and arrows (Figure 5).

Figure 5. Relational diagram with hierarchical mapping. Here, the Final Cause output of g is
identified with the Efficient Cause f.

In Figure 5, the mapping g sends elements of X into the set of mappings H(A, B),
meaning that g’s output is itself a functional process—specifically, the efficient cause f. This
is hierarchical because the output of one mapping is not merely an element but a mapping
at a different level of organization.

In Figure 5, the Final Cause output of g is identified with the Efficient Cause f:

g : X → H(A, B), with f ϵ H(A, B), (5)

It is a hom-set (the composition of two arrows) where the mapping f is entailed. The
‘why f?’ question will get the answer ‘because of x’ and ‘because of g’.
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The hierarchical composition of hom-sets of three mappings is as follows:

f ∈ H(A, B), g ∈ H(C, H(A, B)) and h ∈ H(D, H(C, H(A, B)), (6)

Equation (6) extends this principle to three mappings: f, g, and h. Each mapping’s
output serves as the efficient cause (the ‘processor’) for the next. The critical step is
recognizing that, if the output of h—which belongs to D—can be placed in correspondence
with elements of B (the output of f), then the chain does not terminate but closes upon itself.
This isomorphic identification means that what h produces is functionally equivalent to
what f produces, creating a self-referential loop of efficient causation. The result is Figure 6:
a cycle where no component’s efficient cause originates from outside the system.

Figure 6. Hierarchical cycle with the closed path of efficient causation. By isomorphically identifying
b and h via the mapping (6), when there is a correspondence between sets B and H, we obtain a cycle
of hierarchical composition.

Here, a ∈ A, b ∈ B, c ∈ C, and d ∈ D can have an isomorphic identification of b and h,
and we obtain a cycle of hierarchical composition (Figure 6).

By isomorphically identifying b and h via the mapping (6), when a correspondence
exists between sets B and H, we obtain a cycle of hierarchical composition. When a system
contains a composition containing two or more solid-headed arrows, we can describe it,
using the terminology mentioned above of the Aristotelian causes, as a closed-to-efficient-
causation system, in short, a CLEF system, as Louie and Poli proposed in 2011 [49]. The
clef systems are a proper subclass of the impredicative systems.

As Robert Rosen proposed in the 1950s, CLEF systems are the cornerstone of life in a class
of relational models called metabolism–repair systems [50,51]. An organism is a system that
is materially entailed within its environment as an open system. An abstract description of
a living system was proposed by Robert Rosen in 1958 [52]. In such an (M, R) framework,
metabolism (M) sustains the production and transformation of components. At the same
time, repair (R) maintains and regenerates the system’s organization, thereby closing the
causal loop of efficient cause. It adds the metabolic apparatus from an (M, R) system. This
hierarchical function generates another action to correct the previous action, ensuring that
the repair function is achieved using the same metabolic elements. For instance, in feedback
inhibition of enzymatic pathways, the product of an enzyme-catalyzed reaction can regulate
its own enzyme’s activity, thereby generating a corrective response and maintaining the
system’s self-repair using the same metabolic components. For a system to be alive, it must
have an entailment network of CLEF processes. An organism is an anticipatory system that
is an (M, R)-network and consequently closed-to-efficient-causation, thus CLEF. As Louie
proposes, the “Postulate of Life: A natural system is an organism if and only if it realizes
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an (M, R)—system” (Louie, 2009, p. 283) [16]. Life meets the criteria of impredicativity,
anticipation, and CLEF, while the non-living system does not.

In Section 2, we show that some complexity-based research, while offering a process-
oriented view of communication and human change, relies predominantly on mathematical
tools derived from physics that do not formally distinguish living from non-living systems—
and consequently default to past determinism. The theoretical aspects of the current section
open new perspectives for developing a theoretical framework and a model for living
communicative systems that include anticipatory causation. Category theory provides the
formal language necessary to construct and evaluate such models.

4. A Model for Human Communication and Experience:
The Performance Resilience Sustainability (PRS) Model

In human life, the external world is brought into the person’s internal world through
communication dynamics and the sensory organs, specialized structural and functional
networks of the nervous system, ultimately reaching the brain. People have internal
sensory experiences, such as correlational visualizations, body sensations, odors, tastes,
and inner thoughts, that correspond to external and internal sensorial triggers. Because the
communicator’s actions are performed in the external environment of the other individual,
they will be presented as observable to the person. Based on the person’s internally
correlated experience representations, the person will react and create responses that ensure
organic and psychological adaptation and, at the same time, ensure successful persistence.

The communicator’s behaviors and interactions with the person act as effective inputs
that must take into consideration the individual’s mind as a complex system. At the
same time, the communicator itself will become a correlated distinction of the person’s
internal world. This transformation of an object into a subject can be modeled via a Natural
Transformation, obtaining a model of models. In Category Theory terms, it is a way to
retain the relational/entailment structure between the system and its model through the
functors. Both parties in a communication dynamic will hold models of themselves and of
the other person, in a correlated distinction that constitutes an emergent representation.

The issue of how observables are transformed into a qualitative phenomenon was
addressed in a proposed mathematical theory for a science of qualities as directly perceived
by living organisms based on morphological patterns. The qualitative phenomena, as
observables of a psychological system in this framework, are an impredicative system,
and they become an alternative to probabilistic and inferentialistic theories. In such cases,
perceptual phenomena are projections of underlying invariants—objects that remain un-
changed under certain transformations. Instead of relying solely on an external observer’s
perspective, it is considered equally valid to incorporate a self-generated model based on
the individual’s first-person view of the phenomenon [53].

From that perspective, the communication dyad is considered as two anticipatory
systems interacting with each other, each with a predictive model of the external environ-
ment (the communicator in the case of the receiver as the examined system) and of its own
internal environment (the receiver’s model of themselves). An emergent representation
has to contain the elements and the relations established, and that is properly conducted
using phenomenological calculus, which is a categorical case of the modeling relation [54].

In communication dynamics, the relationship between a person and a natural system
is facilitated through an encoding entailment (perception) and a decoding entailment
(comprehension). In this type of performance, we can also consider how an external
process can be integrated into the self as a Natural Transformation; therefore, this process is
not only a model for this object–subject transformation but also for performance in general.
To depict how a person represents elements from their observed universe, we will use a
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relational diagram in which the input is elements from the Ambient, and the output is the
emergent representation mediated by the effective cause of the perception (Figure 7).

Figure 7. The performance process is symbolized in a relational diagram. Perception p is the function
that mediates the set of ambient elements A into an emergent representation element R.

In the relational terms described algebraically by the Performance linear equation,

p : A → R; p ∈ H(A, R), (7)

Persons’ low-performance models—correlated with maladaptive or outdated emer-
gent representations—limit their ability to make accurate predictions about themselves
and their environment. The communicator acts as a facilitator, introducing opportuni-
ties for new observations to lead the receiver into new emergent representations. For
example, a complex or conflictual situation might sustain a stable attractor as an emergent
representation, with the interpretation of the world as an unsafe place. In practice, this
internal experience, which correlates with the emergent representation, can be reframed
and transformed to align with a higher-performance model in which safety is recognized
as situational and dynamic.

A person’s subjective life is influenced not only by interactions with actual states but
also by models of the past and future. In that sense, we may have a set of rules or criteria
that act on the precepts to adapt our responses in a resilient way. The greater the fear of the
future and the pain of the past, the more rigid a person becomes in the present. The more
a person tends toward positive experiences of the past and toward hope for the future,
the more they acquire flexibility in the present. Empirically, the gain in flexibility of brain
connectivity (Functional Connectivity Dynamics) was demonstrated in a study that utilized
repeated fMRI scans. In the previous section (Figure 5), we saw that a new organization
can be achieved through the composition of two mappings.

An organism can be resilient because it adjusts its motor actions and perceptions not
only in response to external stimuli but also in response to internal meta-rules extracted
from memory, as in Equation (8). In Category Theory, we can identify this dynamic as the
Representation R as input and the output construct with the hom-set H(A, R) by an invert
mapping, which in the algebraic form is as follows:

m : R → H(A, R); m ∈ H(R, H(A, R)), (8)

where A denotes the set of Ambient observables of the system, and R represents the set
(or class) of transformations that act on A into a representation. H(A, R) is shorthand for
the hom-set (or set of all mappings), which is the set of all possible mappings from A to R.
Writing m ∈ H(R, H(A, R)) means “m is an element of the hom-set of all transformations
from R to H(A, R)”. The function m acts on the set R of transformations and further
generates new or corrected transformations—elements of H(A, R)—that themselves act on
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the set of material components A. In doing so, the system maintains and regenerates the
very means that keep it alive, achieving closure in efficient causation. This is the same as
the formal essence of the (M, R)-system in Rosen’s relational biology.

These representations are not static but a dynamic emergence; they are subject to
disruption by both internal and external influences. Strong perturbations—such as trauma,
loss, or significant life changes—can destabilize the existing representation, thereby reduc-
ing its performance. Resilience is the adaptive process that anchors representations back to
an optimal level of functioning.

Therefore, in the performance cycle p: A -> R, the function p will enter in an adjusted
manner due to its identification with the output of the Resilience cycle, where m is the
efficient cause, and R is the material cause. In such a situation, the perception is the
final cause of the Representation identified as input, as the material cause. The relational
diagram of Performance Resilience is as follows (Figure 8):

Figure 8. Composition for Performance–Resilience process with an invert mapping, where A repre-
sents the ambient environment observables, R is the representation, p is the perception, and m is the
meta-function derived from the stored performance rules of the organism’s previous experiences.

The Performance–Resilience process from Figure 8 diagram uses an invert mapping. A
is the ambient of the environment observables, R is the representation, p is the perception,
and m is the meta-function that comes from the stored performance rules of the organism’s
previous experiences.

In human dynamics, we can identify that models inform Resilience, which is correlated
with beliefs—generalized rules derived from past experiences—that guide the recovery
process. However, not all beliefs are adaptive. The directed change process identifies and
reframes maladaptive beliefs, enabling the client to re-establish cognitive and emotional
balance. When a person faces disruption, resilience enables them to adjust their internal
representations, thereby maintaining functionality. For instance, a person who loses a
resource must adjust their representation of life, integrating the experience into a new
narrative that restores their psychological balance.

With the new configurations enabled by this function of p, which acts as a filter or
selector based on previously stored rules, we will have an interplay between m and p. p is
the direct-doing function, and m is the meta-forming function. Therefore, we now have a
Performance Function and a resilience meta function.

Now, we can introduce a new function, considering that Representation has an active
role in relation to Perception. This second meta-level role is necessary to explain the medi-
ation between Performance demands, which can be reactive, and Resilience adaptations,
which can constrain the system’s flexibility within existing models, thereby enabling a
creative dynamic. This can be seen as a model for sustaining the production of new in-
formation, ensuring the long-term persistence of the entire system. Because it closes the
cycles, the new function introduces an impredicative property to the full model. Due to
the impredicativity, the information processed in such a cycle is not referenced to external
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input; thus, we can consider it to be a creator of a new kind of organization, independent
of external efficient causation. We will name it sustainability, and with p and m, the com-
position becomes o: p→m. As Rosen already proposes in the composition of an (M, R)
network, this is an inverse evaluation mapping that will give the entire model written in
algebraic form:

o : H(A, B) → H(B, H(A, B)); o ∈ H(H(A, B), H(B, H(A, B))), (9)

The diagram form of (9) is depicted below in Figure 9:

Figure 9. Relational diagram for Performance–Resilience–Sustainability processes, where A is the
ambient of the environment, R is the representation, p is the perception, and m stands for meta.

Figure 9 shows the Performance–Resilience–Sustainability cycle, where A represents
the environment’s ambient, R the dynamic representation, p the perception, and m the meta.
As we can see, this composition satisfies all the criteria of impredicativity and CLEF loops
as in an anticipatory system. Because it has a CLEF property, we can justify why the mind
and a co-creative communication interaction can create new information or organization in
the experience. When it corresponds with external reality in a Natural Transformation via
a decoding entailment (e.g., the organism observes and experiences a congruence between
the model and empirical external reality; a belief is supported by empirical evidence), it
can be considered new knowledge.

We can see that, in one’s mind, the representation may include models of subjective
experience that are essentially impredicative, and we have proposed a possible one that inte-
grates components not only of the sensorial aspects of the mind but also of higher cognition.

The realization of such a model in the train of thought and then in the responses
someone gives to a questionnaire means that the observed variation in the questionnaire or
a linear narrative may come not only from a model of the past but also from a model of
the future.

In the practical realm of professions that change the dynamics of communication
and human experience, both verbal and non-verbal interactions serve as triggers for an
emergent process that leads to the formation of a mental representation. At the same time,
the person guiding the process must bear in mind that the transformation of the model,
correlated with a specific representation, is also linked to the activity of a component of
an anticipatory system. Therefore, it will be helpful to observe linguistic and non-verbal
signals as phenomena associated with anticipation. At the same time, the addition of a PRS
model allows the client to inject new qualia into its own subjective reality, which then will
be realized and manifest in behaviors. These new decoded models are determined not only
by past models but also by newly created models that may better fit future predictions.

In the neuro-linguistic psychotherapy (NLPt) goal-oriented methodology, the client
comes with a narrative, which is a realization of a current representation. The psychothera-
pist’s observations relate to the client’s behaviors and verbalizations, reflecting the client’s
current state, as evidenced by the client’s past-oriented narrative. Based on that, the psy-
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chotherapist forms a representation, where the first step would be to adjust it toward an
intentional future state, a possible representation of the client, and formulate questions
and non-verbal cues leading toward that state. The client can also initiate self-reflection on
their own representation patterns and make internal environment adjustments to foster the
future desired internal dialog, visualizations, or body sensations.

These three functions are related to phenomenological layers in terms of categories and
morphisms. They are the human mind and organism functions that orient perception, create
resilient responses, and persist adaptively over time by incorporating their predictions into
present behaviors.

The implications of considering only research models and their corresponding method-
ologies for human communication and experience science that are derived from simple
systems are laid down by Rosen’s words: “Insofar as finality involves the effects of future inputs,
or future state, upon present change of state, the idea of anticipation has been expunged from serious
science without further thought” [55].

5. Discussion
Applying Dynamic System Theory to understand human dynamics and communi-

cation marks a significant shift from traditional reductionist methods to a complexity
paradigm that more accurately captures the intricate nature of human beings and their
interactions. This model development emphasizes the transformative potential of a model,
described using Category Theory, to account for changes in human communication and
experience through the proposed Performance–Resilience–Sustainability (PRS) model. This
approach aims to guide future research on processes through better explained variability
and to improve practices in areas associated with professional communication.

The PRS model, grounded in DSR principles, provides a new framework for under-
standing the variability observed in communication and experience dynamics research. By
emphasizing impredicativity, anticipation, and closed-to-efficient causation (CLEF), the
model offers a holistic way to analyze human dynamics, complementing the simple sys-
tems approach. This aligns with earlier studies that highlight the significance of nonlinear
dynamics, self-organization, and critical phase transitions in understanding therapeutic
processes from both mechanistic and organic life viewpoints.

As Rosen proposed, the anticipatory system model in biology, the corresponding PRS
model for an anticipatory system to explain human dynamics, will enable a more nuanced
understanding by incorporating the past and future correlated states into the analysis.
This marks a departure from traditional models that mainly focus on past determinism.
The ability of anticipatory systems to predict and adapt to future states provides a more
comprehensive view of human interaction, which is essential for effective intervention
and planning.

The representation proposed within PRS differs fundamentally from static, stored
representations. Classic communication models treat representations as fixed encodings
whose meaning comes from an external interpreter, but they do not explain how the content
turns into that something. In an emergent framework, representations develop within the
system’s ongoing activity; models support them and indicate possible interactions and
their expected outcomes. Because these models can succeed or fail, the system develops a
normative sense of truth and falsity and can adjust its behavior accordingly [56]. A static
representation can be retrieved unchanged, but it cannot be updated; an emergent PRS
representation is continually re-enacted and modified as new information and predictions
are integrated. This process aligns with Rosen’s insistence that anticipation involves
integrating future possibilities into present dynamics and cannot be captured by models
that only reference past inputs [57].
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Evidence from human communication science supports the idea that representations
are dynamic and co-constructed. Garrod and Pickering’s interactive alignment model
shows that conversational partners automatically align their linguistic representations
through priming across words, sounds, and grammar; this alignment operates across mul-
tiple levels so that convergence at one level promotes alignment at higher levels. Humans
appear to be “designed for dialogue”, and interactive alignment makes conversation ef-
fortless by creating a shared situation model [58]. Neuroimaging studies further indicate
that interacting individuals exhibit brain-to-brain coupling: perceiving another’s actions
triggers similar neural patterns in the observer, constraining actions and allowing com-
plex joint behaviors. Communication is therefore a multi-brain process in which meaning
emerges through coupling, rather than being stored and retrieved from a single brain [28].

Synchrony and network flexibility provide additional markers of dynamic representa-
tion. Experiments have shown that rhythmic synchrony increases perceived similarity and
closeness between partners and fosters prosocial behaviors such as cooperation and helping.
Being in synchrony often involves a temporary merging of self and other, suggesting that
shared representations are fluid and interpersonal [59]. At the neural level, dynamic recon-
figuration of brain networks—particularly in frontal regions—supports executive flexibility;
individuals with greater network flexibility perform better on working-memory tasks and
adapt more readily to changing demands [60]. These findings support the PRS claim that
performance, resilience, and sustainability are intertwined processes: moment-to-moment
performance (p) shapes and is shaped by resilient updates (m) and sustainable long-term
patterns (o).

The organizational closure to efficient causation in complex systems, which admits
impredicative models and implies a final cause within the relational structure, does not by
itself imply the purposefulness observed in living systems. Such organizational closure
alone does not fully account for goal-directed behavior. In Rosen’s terms, it is the presence
of impredicative models within the organism that enables the generation of models of
the future. The behavioral expressions of these internal models account for changes in
the external environment that can be regarded as purposeful, and that correlate with the
organism’s subjective representations.

Future empirical validation of the PRS model can be achieved using longitudinal
single-case designs employing personalized questionnaires in which clients rate items
corresponding to two dimensions: past-oriented reflective experiences and future-oriented
intentional experiences. In doing so, daily diary entries would grasp the temporal evolution
of these two dimensions across therapeutic sessions, and their impact on change processes
and outcomes.

The PRS approach thus reframes communication and experience as emergent, antici-
patory processes. Rather than treating narratives as static stories to be decoded, it views
them as dynamic constructions that combine past experiences with imagined future models.
Interventions aimed at facilitating change should therefore focus on perturbing the coupled
system—through language, gesture, or synchrony—to open space for new representations
to emerge. Measuring these dynamics will require multilevel time-series designs that track
behavioral, physiological, and neural signals over specific timescales. By grounding these
analyses in Category Theory and relational biology, PRS provides a systematic way to
connect observed variability with a model for variation. It implies that, during critical
fluctuations and periods of instability, the parties involved in communication can tailor
their interventions to align with the client’s readiness for change while simultaneously
relying on an intentional process initiated by the mind. From this perspective, we can
define the mind as a functor of the relationships between models, including PRS-type
models, that map the organic and subjective functions expressed in human life.
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This personalized approach adds active model components that can be considered
to intentionally improve communication and promote sustainable outcomes for all par-
ticipants in an interaction, an idea aligned with the fact that humans are organisms with
activity, according to Popper’s concept [61].
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Appendix A
Category Theory (CT): A branch of mathematics that provides a unifying framework

for understanding mathematical structures and their relationships. It was developed in the
1940s by Samuel Eilenberg and Saunders Mac Lane as a way to formalize and generalize
concepts across different areas of mathematics, particularly algebra and topology.

Categories: A category consists of Objects (e.g., sets, spaces, groups, types in program-
ming) and Morphisms (arrows) between objects, representing functions, transformations,
or relationships.

Functors: In Category Theory, a functor is a mathematical concept that acts as a bridge
between two categories. Specifically, a functor assigns to every object in one category
a corresponding object in another category, and to every morphism (arrow) in the first
category a corresponding morphism in the second category. The key property of a functor
is that it preserves the structure of the categories: it maps identity morphisms to identity
morphisms and maintains the composition of morphisms. This means that, if we have two
composable morphisms in the first category, their images under the functor will also be
composable in the second category, and the result of composing them will be the same as
the image of their composition. Functors are fundamental in Category Theory because they
enable us to compare different mathematical structures consistently, translating concepts
and relationships from one setting to another while keeping their essential properties intact.

Natural Transformations: Ways to transform one functor into another while respecting
structure.

Relational Biology: A branch of theoretical biology that studies living systems primar-
ily in terms of their organizational and functional relationships rather than their material
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composition. It was pioneered by Nicolas Rashevsky, who argued that biological phe-
nomena cannot be fully explained by reductionist methods alone, which focus solely on
physical and chemical components. The subject was further developed by Rashevsky’s
student Robert Rosen and Rosen’s student Aloisius Louie.

Relational Modeling: A formal approach to representing systems based on relation-
ships rather than just objects or components.

Diagram: In Category Theory, it is a structured way of representing objects and
morphisms (arrows) within a category. Formally, a diagram is a functor from an indexing
category to a target category.

Arrow diagram: A graphical way of illustrating morphisms between objects in a
category. It is a special case of a commutative diagram, where the arrows (morphisms)
represent functions, transformations, or structural mappings.

Impredicative: In logic and the foundations of mathematics, an impredicative definition
is one that defines an object by referring to a totality that includes the object itself. This
concept was first critically analyzed by Henri Poincaré and later formalized by Bertrand
Russell, who saw it as a source of paradoxes (e.g., Russell’s Paradox). In anticipatory systems,
impredicativity arises when a system’s present state is influenced by its future states—meaning
that the system defines itself through a loop that includes future information.

Ambient: Denotes the external context or environment in which a relational system
(e.g., an (M, R)-system) is embedded. It is the “outside world” that provides the material
and energetic resources the system draws upon (for metabolism, growth, etc.) and receives
the system’s outputs (e.g., waste products).

Shannon Number: An estimate of the game-tree complexity of chess, calculated by
Claude Shannon in his 1950 paper “Programming a Computer for Playing Chess”. It
represents the approximate number of possible chess game variations and highlights the
immense complexity of chess, making brute-force computation impractical.
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