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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and or methodology.

• The article introduces the Allostatic Viability Principle (AVP) as a new systems concept
for personalized preventive health, integrating systems medicine, epigenetics, micro-
biota, precision nutrition, salutogenesis and AI-supported biomarker interactions.

• It advances systems practice and methodology by operationalizing boundary, ex-
change, feedback and correctability through measurable indicators, accountable actors,
review triggers and revision pathways.

What are the main findings and the implications of the main findings?

• Responsible precision health depends not only on prediction accuracy, but on integrat-
ing population norms, individual multi-omic trajectories, patient-defined goals and
shared decision-making within correctable learning systems.

• The concept of algorithmic deafness identifies a central risk of AI use: systems may
process biomarker and patient data continuously while lacking clinician override,
patient appeal, audit and model recalibration mechanisms.

Abstract

Precision health is often presented as the expansion of measurement, prediction and per-
sonalization: more biomarkers, more omics layers, more digital traces and more artificial
intelligence. Yet data density does not by itself produce orientation, responsibility or better
care. This Perspective introduces the Allostatic Viability Principle (AVP) as a systems
framework for responsible precision health. Drawing on the biological logic of allostasis
and the systems concept of viability, the AVP argues that health systems remain responsible
not by freezing static parameters, but by preserving their capacity for regulated openness,
feedback-sensitive adjustment and accountable correction. The framework is operational-
ized through four interdependent system functions: boundary, exchange, feedback and
correctability. It further distinguishes population-based biomarker norms from individual
trajectories and patient-defined health objectives. The biological analogy is used as a con-
ceptual lens: it does not provide a blueprint for institutional design, but helps to identify
when precision health systems remain responsive, and when they become closed, noisy
or uncorrectable. The Perspective integrates systems theory, epigenetic and microbiome
regulation, precision nutrition, allostatic load, salutogenesis, evolutionary developmental
biology, digital health and AI governance. The paper argues that precision health be-
comes responsible only when biomarkers, AI outputs and patient-reported outcomes are
embedded in correctable, goal-concordant and institutionally accountable learning systems.
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1. Introduction: Precision Health and the Problem of Responsible Order
Precision health emerged from the promise that health care can move from reactive

treatment toward earlier recognition, individualized prevention, and more precise inter-
vention. The precision medicine agenda emphasized new taxonomies of disease, genomic
stratification and knowledge networks capable of linking molecular mechanisms with
clinical decision-making [1–3]. Systems medicine and P4 medicine extended this promise
by framing health care as predictive, preventive, personalized and participatory, and by
emphasizing multi-level integration rather than isolated disease categories [4,5].

The central problem, however, is that precision is not identical with responsible
action. Responsibility here refers to the obligation of health systems to translate data into
decisions that are clinically meaningful, ethically defensible, socially fair and institutionally
accountable. It also requires attention to the person for whom the decision is made: their
baseline, vulnerability, preferences, resources and own objectives for health and daily life.
Health systems can generate more data while remaining poor at transforming feedback
into learning. Biomarkers may reveal risks without changing care pathways; AI systems
may improve prediction while amplifying bias; performance indicators may proliferate
while clinicians and patients experience less meaning, less trust and less room for judgment.
Complexity science has long warned that health care behaves as a complex adaptive system
rather than as a linear machine [6,7].

This article therefore asks a systems question: what kind of order allows precision
health to become responsible rather than merely data-intensive? The proposed answer is the
Allostatic Viability Principle (AVP), which is operationalized as an open-order framework.
It interprets precision health through four connected system functions: boundary, exchange,
feedback, and correctability. Boundaries protect integrity; exchange enables selective
interaction; feedback links actions to consequences; correctability turns signals into revision
of practice, rules, thresholds, guidelines, incentives and institutional learning.

Correctability is introduced here as a distinct systems concept. Feedback is a signal.
Learning is the interpretation of signals. Adaptation is a response. Correctability is more
demanding: it denotes the capacity of a system to transform feedback into accountable
revision of decisions, models, procedures and boundaries. A system may collect feedback
and still remain uncorrectable if no actor has the authority, obligation or procedural pathway
to change what the feedback reveals. Box 1 summarizes this distinction by contrasting
feedback, learning, adaptation, and correctability and by specifying the diagnostic question
associated with each.

Box 1. From feedback to correctability: conceptual distinction.

Feedback. Minimal function: A signal about effects or consequences; Diagnostic question: What is
the system hearing?
Learning. Minimal function: Interpretation of feedback; Diagnostic question: How is the signal
understood and weighted?
Adaptation. Minimal function: A behavioral or procedural response; Diagnostic question: What
changes in practice?
Correctability. Minimal function: Accountable revision of decisions, models, thresholds or
boundaries; Diagnostic question: Who can change the system, under which rules, and based on
what evidence?
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The framework is deliberately cautious. Living systems are not treated as normative
authorities. A cell does not prescribe how a health system should be organized, and an
organism cannot determine institutional ethics. The biological comparison is useful in a
narrower sense: it helps clarify how a system can maintain integrity without becoming
rigid. Living systems remain viable because they protect boundaries, exchange selectively
with their environment, process feedback, and adjust when regulation fails. In this sense,
the analogy points to a systems problem rather than to a social prescription: responsible
order is neither unrestricted openness nor rigid closure, but regulated openness with the
capacity for correction.

This paper makes five contributions. First, it introduces the Allostatic Viability Prin-
ciple as an integrative name for this open-order logic. Second, it connects biological
regulation with health system responsibility without collapsing one level into the other.
Third, it defines correctability as a missing bridge between feedback, evaluation, and insti-
tutional learning. Fourth, it operationalizes the framework through indicators, corrective
mechanisms and multi-omic application examples. Fifth, it shows why epigenetics, mi-
crobiota, allostatic load, salutogenesis, Evo-Devo and digital health all point toward the
same systems lesson: responsible precision health requires not only better prediction, but
better correction.

2. Conceptual Approach and Framework Development
This manuscript is a conceptual Perspective and does not report new empirical data.

It develops an integrative framework across literatures that are often discussed separately:
systems theory, systems thinking in health care, precision health, epigenetics, microbiome
research, precision nutrition, allostasis, salutogenesis, Evo-Devo, and responsible AI. Such
framework-oriented synthesis is appropriate when a field is rich in data but lacks an
integrative vocabulary for linking levels of analysis and practice [8–11].

The literature selection was purposive and framework-oriented. Sources were selected
for their conceptual relevance to systems, regulation, feedback, adaptation, institutional
learning or health system complexity. Biological sources were included when they illus-
trated regulated plasticity rather than genetic or technological determinism. Governance
and AI sources were included when they clarified how data, rules and institutions can ei-
ther improve or block corrective learning. Existing work in systems thinking for healthcare
demonstrates the relevance of causal loops, realist evaluation and multi-stakeholder action
frameworks for complex problems [12–14].

The proposed model is also connected to the learning health system tradition, which
emphasizes continuous learning from care delivery, real-world evidence, feedback in-
frastructures and the translation of evidence into improved practice [15,16]. It is further
aligned with guidance on complex interventions, which emphasizes context, adaptation,
implementation and evaluation rather than simple linear causality [17].

No claim of exhaustive coverage is made. The aim is not to replace systematic reviews
of precision medicine, digital health or health system performance. The aim is to construct
a coherent conceptual framework that can be used by systems researchers, health informati-
cians, clinicians and institutional decision-makers to ask whether precision health tools
strengthen or weaken responsible system learning.

3. From Biological Regulation to Health System Correctability
Living systems are ordered, but their order is not rigid. A cell maintains a boundary,

exchanges matter and information, responds to signals and repairs damage. Tissues
coordinate differentiated cells, and organisms integrate nervous, immune, endocrine,
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metabolic and behavioral processes. Across these levels, stability is not achieved by control
alone, but by regulated interaction.

The analogy is useful only if its limits are kept visible. It does not tell health systems
what they ought to value, how resources should be distributed or which interventions are
just. It does not replace ethics, law, professional responsibility or public accountability.
Its value is more modest and more precise: it helps formulate the question of how a
system remains sensitive to consequences without dissolving into noise or closing itself
against reality.

Health systems are hybrid systems. They contain biological bodies, digital infrastruc-
tures, clinical professions, regulatory agencies, markets, patient experiences and public
values. Decisions cannot therefore be derived from one layer alone. A biomarker can
indicate risk, but it cannot decide whether an intervention is proportionate, acceptable or
meaningful for a particular person. A guideline can standardize care, but it cannot antic-
ipate every biography, vulnerability, preference or social constraint. A predictive model
can identify statistical patterns, but it cannot absorb responsibility for the consequences of
acting on them.

This is also why patient-centered care and shared decision-making are not optional
additions to precision health. They are part of the system architecture. A population-
derived threshold may indicate an average risk, but the decision to act on it must still be
translated into the patient’s goals, fears, resources and life situation. Care becomes precise
in a responsible sense only when measurement, clinical judgment and patient objectives
are brought into the same feedback loop [18,19].

Precision health therefore requires translation across levels. Molecular signals must be
interpreted in clinical context; clinical recommendations must be weighed against patient
goals and lived circumstances; institutional procedures must remain open to feedback from
outcomes, errors and patient experience. Without this translation, precision health may
become technically more exact while becoming practically less responsive.

The open-order concept should therefore be understood as a conceptual lens, not as a
normative doctrine. It does not ask health systems to imitate nature. Nor does it assume
that more data, more biomarkers, more digital tools or more powerful algorithms will
automatically make health care more responsible. These tools can improve care only if
they are embedded in systems that can interpret signals, weigh values, detect unintended
consequences and change course when necessary. The central question is therefore not
simply how much a system can measure, but whether it can protect what must be protected,
allow meaningful exchange, register the consequences of its own actions, and revise its
categories, thresholds, incentives and procedures when they become misleading. In this
sense, open order shifts the focus from prediction and control to feedback, judgment
and correctability.

4. The Allostatic Viability Principle: Boundary, Exchange, Feedback and
Correctability

The Allostatic Viability Principle (AVP) is introduced here to name the open-order logic
developed in this paper. It is not an additional mechanism beside boundary, exchange, feed-
back and correctability. Rather, it is the integrative principle that connects them: a precision
health system remains viable and responsible when it can protect integrity, enable selective
exchange, register consequences, and translate feedback into accountable correction.

The term draws on the systems concept of viability in organizational cybernetics [20]
and on the biological framework of allostasis, understood as stability through adaptive
change [21,22]. The AVP states that a health system’s long-term viability and responsibility
depend not on freezing static parameters, but on its capacity for continuous, systemic
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adjustment. Just as a living organism maintains organismal viability by shifting internal set
points to limit allostatic load, a responsible precision health system secures institutional vi-
ability through correctability: the procedural and accountable capacity to revise algorithms,
clinical thresholds and care pathways when reality pushes back. Operating under the AVP
protects the system against the dual pathologies of technocratic closure, or dogmatic stasis,
and informational overload, or system dissolution.

The first component is boundary. Boundaries define what belongs to a system, what
must be protected, and what counts as legitimate access. In biological systems, membranes,
epithelial barriers and immune tolerance protect system identity while remaining selec-
tively permeable. In health systems, boundaries include privacy, informed consent, clinical
indication, professional standards, regulatory approval and the distinction between re-
search, care and commerce. For example, genomic or microbiome data should not circulate
without consent, clinical purpose and governance; at the same time, excessive data silos can
prevent responsible research, continuity of care and learning across institutions. A good
boundary therefore does not simply close the system. It protects integrity while allowing
justified access.

The second component is exchange. Exchange is the selective movement of matter,
energy, information or meaning across boundaries. In biology, exchange includes nutrient
uptake, waste removal, endocrine signaling, neural communication, and immune surveil-
lance. In precision health, exchange includes interoperability, data sharing, clinician-patient
communication, cross-sector collaboration and the translation of omics data into clinically
meaningful contexts. For example, a continuous glucose monitor, a microbiome profile or
an epigenetic marker becomes useful only if the information can move into a care context
where it is understandable, clinically interpretable and connected to action. Exchange
without interpretation is only data transfer. Meaningful exchange requires translation.

The third component is feedback. Feedback connects actions with consequences. In
biology, feedback can be hormonal, metabolic, immune, neural or epigenetic. In health
systems, feedback includes clinical outcomes, adverse events, patient-reported outcome
measures, longitudinal biomarkers, implementation data and real-world evidence. For ex-
ample, a dietary recommendation based on a glycemic risk profile should not end with the
recommendation itself. The system should be able to observe whether the intervention im-
proves metabolic markers, whether the patient can actually follow it, whether unintended
anxiety or burden occurs, and whether the recommendation works similarly across social
groups. Feedback is the condition under which a system becomes aware of its own effects.

The fourth component is correctability. Feedback alone is insufficient. Systems can
collect data and still fail to learn. Signals may be filtered, ignored, overinterpreted, or
absorbed into symbolic reporting. Correctability is the capacity to transform feedback
into accountable change: revised thresholds, updated guidelines, safer algorithms, altered
incentives, professional learning, patient communication, or regulatory adaptation. For
example, if an AI-based risk model repeatedly overestimates risk in one patient group, or if
a biomarker threshold produces many false positives, a correctable system must have a
pathway for audit, recalibration, clinician override, patient appeal and guideline revision.
Without such pathways, feedback remains information without consequence.

Under the AVP, the four dimensions should not be read as a linear sequence. They
are mutually dependent. Boundaries without exchange become exclusion. Exchange
without boundaries becomes noise or exploitation. Feedback without correctability be-
comes symbolic reporting. Correctability without stable boundaries becomes arbitrary
revision. Responsible precision health, understood through the AVP, requires all four
functions to operate together: protection without isolation, exchange without overload,
feedback without ritualization, and correction without instability. Figure 1 visualizes this
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interdependent open-order cycle and the central role of correctability in translating feedback
into accountable change.

Figure 1. The open-order cycle in precision health. A permeable boundary protects integrity; selective
exchange permits information, matter, and meaning to cross levels; feedback loops connect inter-
ventions with outcomes; a correctability hub translates feedback into human judgment, institutional
change, algorithm revision, and guideline adaptation. The dashed ellipse denotes the permeable
system boundary. Arrowheads indicate direction of influence; the colors distinguish the boundary,
exchange, feedback and workflow/correction pathways and do not encode magnitude. AI, artificial
intelligence; PROMs, patient-reported outcome measures.

5. Levels of Order: From Cell to Health System
Precision health requires multi-level translation. Molecular signals are important

because health and disease are shaped by gene regulation, cellular stress, metabolism, in-
flammation, immune function, and tissue repair. The hallmarks of aging and the hallmarks
of health illustrate that biological states emerge from interacting networks rather than
from isolated variables [23,24]. However, molecular signals become clinically and socially
meaningful only when translated across higher levels.

At the cellular level, precision health asks how metabolism, DNA repair, mitochondrial
function, proteostasis, senescence and gene expression are regulated. At the tissue and
organismal level, it asks how these processes interact with immune responses, endocrine
rhythms, nervous regulation, sleep, movement and nutrition. At the personal level, it must
consider biography, preferences, suffering, goals and values. At the institutional level, it
must address data governance, reimbursement, professional roles, clinical workflow, public
trust and regulatory accountability.

This multi-level view protects precision health from reductionism. A molecular profile
does not automatically define a person. A risk score does not automatically define an
intervention. A digital trace does not automatically define health behavior. Precision health
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must therefore be understood as a translation architecture rather than as a mere expansion
of measurement.

A key translation problem concerns biomarkers and reference intervals. Many labora-
tory markers are interpreted against population-derived reference intervals: they describe
what is statistically common in a reference group, not what is necessarily optimal or mean-
ingful for a particular person [25]. This population perspective is indispensable for safety,
comparability and diagnostic orientation. Yet it can also obscure individual trajectories. A
value that remains inside the population interval may represent a relevant shift for one
person, while a value outside the interval may sometimes reflect context, method, medica-
tion, pregnancy, training status, diet or stable biological individuality rather than disease.
Biological variation theory therefore distinguishes population variation from within-person
variation and supports interpretation through longitudinal change, reference-change values
and individual baselines [26].

Longitudinal and multi-omic profiling strengthens this point. Individual baselines
can reveal deviations that are invisible in one-time population comparison, while repeated
measurements can also detect transient responses to infection, stress, medication, sleep
loss or lifestyle change [27]. The aim is not to replace population norms with purely
individual norms. That would risk overfitting, false alarms and unnecessary interventions.
Responsible precision health needs both: population-level anchors for validity and equity,
and individual trajectories for context-sensitive interpretation.

Health systems often fail precisely at the translation points between levels. A labo-
ratory marker may be scientifically valid but clinically ambiguous. A clinical recommen-
dation may be reasonable but socially inaccessible. A digital platform may be technically
interoperable but institutionally unactionable. A biomarker threshold may describe a
population norm but miss what matters for a patient who wants to preserve mobility,
cognition, fertility, work ability, social eating, athletic performance, or simply a tolerable
daily routine. The system’s task is therefore not only to connect data, but to connect levels
of meaning, responsibility, patient objectives, and correction. Figure 2 maps this translation
cascade from molecular signals through organismal regulation and personal meaning to
institutional accountability.

Figure 2. Multi-level translation cascade for precision health. Molecular signals require translation
through organismal regulation, personal meaning, patient objectives, and institutional accountability.
The figure illustrates why responsible precision health cannot move directly from molecular measure-
ment to automated intervention without contextual, goal-sensitive and correctable interpretation.
Downward arrows indicate successive translation across levels; they do not imply simple one-way or
linear causation.
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6. Epigenetics, Microbiota and Systems Health: Regulation Rather
than Determinism

This multi-level perspective becomes especially concrete in epigenetics, microbiota
research and personalized nutrition. These fields show why precision health cannot be
reduced to genomic prediction or isolated biomarkers. Biological states are regulated across
levels: genes are expressed in cellular contexts; metabolism responds to nutrition, stress,
sleep and physical activity; microbial metabolites shape immune and epigenetic pathways;
and lifestyle factors influence regulatory networks over time.

Epigenetics is a central example of this regulated biological plasticity. Waddington’s
concept of the epigenotype and later definitions of epigenetics emphasized that pheno-
types arise through regulatory processes that do not simply mirror DNA sequence [28,29].
Broader evolutionary and systems perspectives have similarly challenged gene-centered
determinism by emphasizing multi-level regulation, developmental context, and organism-
environment interactions [30,31].

This is central for precision prevention. If biological risk is shaped not only by DNA
sequence, but also by changeable biological conditions, prevention must focus not only
on inherited susceptibility, but also on modifiable contexts such as nutrition, stress, sleep,
inflammation, microbiota-derived metabolites and physical activity. These factors influence
molecular pathways, gene expression and immune-metabolic regulation over time. The
diet-gut microbiota-epigenetics axis illustrates this multi-level logic: food components and
microbial metabolites can affect inflammatory, metabolic and regulatory networks, thereby
linking lifestyle, microbial ecology and gene regulation [32–34].

Personalized nutrition provides a practical example. Large inter-individual differ-
ences in postprandial glycemic responses show that identical meals can produce different
metabolic effects in different persons, depending on microbiome composition, clinical
variables and lifestyle context [35]. Reviews of personalized nutrition emphasize that
genotype alone is insufficient and that metabolic phenotype, lifestyle, microbiota and social
context must be integrated [36]. Integrative approaches linking genetics, epigenetics, gut
microbiota and metabolic-type classification further support this multi-level view [37,38].
In this paper, precision health therefore includes precision nutrition as a core preventive
pathway, not as a secondary lifestyle add-on.

Nutrimiromic and microRNA-based approaches add a further layer. Circulating
microRNAs may reflect inflammatory, metabolic and lifestyle-sensitive regulation and
have been explored as signatures related to diet, sex, age and biological aging [39,40].
These signals are not static instructions. They are dynamic, context-dependent readouts of
changing biological conditions. In practical terms, dynamic biomarkers are not commands;
they are feedback signals that require interpretation, follow-up and clinical humility.

For precision health systems, the implication is clear: dynamic biomarkers are feed-
back signals, not commands. A miRNA model, epigenetic clock or microbiome profile
should therefore be used to support interpretation, monitoring and learning, not to pro-
duce unchallengeable risk labels. Turning fluid epigenetic or microbiome-related signals
into fixed algorithmic verdicts would be a systems error. Such an interpretation would
confuse a context-dependent biological condition with a stable biological identity, thereby
overlooking temporal variation, reversibility, patient goals and the need for longitudinal
clinical interpretation.

The practical implication is that precision health should move from determinism to
regulated plasticity. The question is not simply what a biomarker predicts relative to a
population norm. The question is whether the marker improves feedback for this person,
whether it changes a decision responsibly, whether the decision can be evaluated against
the patient’s own health objectives, and whether the system can correct itself when the
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marker proves misleading, noisy, or context-dependent. Box 2 illustrates this principle
using methylation- and miRNA-based biological age clocks as feedback instruments rather
than personal verdicts.

Box 2. Example: methylation and miRNA-based clocks as feedback instruments, not personal verdicts.

Methylation-based biological age clocks and emerging miRNA-based clocks illustrate both the
promise and the risk of precision health biomarkers. DNA methylation clocks estimate biological
age or age acceleration from patterns of CpG methylation that are statistically associated with
chronological age, mortality risk or healthspan-related phenotypes [21,22,41–43]. miRNA-based
clocks and nutrimiromic signatures add another layer by capturing circulating regulatory signals
that may reflect inflammatory, metabolic, nutritional and lifestyle-sensitive processes [44,45].
Their value lies in making otherwise invisible biological regulation measurable. A methylation
clock may suggest that biological aging processes are accelerated relative to a reference population.
A miRNA-based model may indicate altered immune-metabolic or lifestyle-related regulation.
However, such scores are not direct measures of a person’s destiny, nor are they neutral definitions
of what is normal for the individual. They are statistical comparisons with reference populations
and model assumptions. Their meaning depends on age, sex, tissue or sample type, cellular
composition, ancestry, medication, inflammatory status, sleep, nutrition, physical activity, smoking,
alcohol, psychosocial stress and comorbidities.
For the patient, the central question is therefore not simply: Is my biological age higher or lower
than expected? A more responsible question is: What does this marker add to the understanding
of my current health trajectory, my risks, my capacities and my goals? A person who aims to
preserve mobility, cognitive function, metabolic flexibility or quality of life may need a different
interpretation of the same marker than a person focused mainly on disease-risk reduction or athletic
performance. Biomarker guidance should therefore connect the score with personal objectives,
clinical context and feasible lifestyle pathways.
In an open-order system, methylation and miRNA clocks should be used as feedback instruments.
They may help to identify biological stress, monitor change over time, support shared decision-
making and evaluate whether an intervention is moving the person in a desired direction. Their
proper role is to inform a learning loop: interpret the marker, relate it to the patient’s goals and
circumstances, act proportionately, reassess longitudinally and revise the pathway when the signal
proves noisy, misleading or clinically irrelevant.

7. Allostasis, Evolution and Evo-Devo: Adaptation Through
Regulatory Change

A useful bridge between biological regulation and health system design is allostasis.
Homeostasis denotes the dynamic regulation of physiological variables within viable
ranges and may itself include context-sensitive adjustments around defended values.
Allostasis emphasizes a further aspect of regulation: anticipatory, context-dependent
coordination across multiple systems, including the allocation and reallocation of resources
in response to predicted demands. The distinction is therefore not simply static versus
dynamic regulation, but primarily regulation within viable ranges versus anticipatory
and distributed adjustment to context. During infection, stress, fasting, exercise, or sleep
loss, the body mobilizes energy, alters hormone secretion, changes immune activity, and
reallocates resources. In this sense, allostasis describes stability through context-sensitive
change [44,45].

This adaptive flexibility is necessary. A stress response, inflammatory signal or
metabolic shift is not pathological simply because it deviates from baseline. It becomes
problematic when it is too intense, too prolonged, poorly resolved or repeatedly activated
without sufficient recovery. Allostatic load describes this cumulative biological burden: the
wear and tear that arises when adaptive responses become chronic, excessive or poorly
coordinated across systems [46].

Salutogenesis adds the complementary question of how health is generated and
maintained, not only how disease emerges. Antonovsky’s concept of sense of coherence
emphasizes that people cope better when life and bodily signals are experienced as compre-
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hensible, manageable and meaningful [47,48]. This is relevant for precision health because
a marker does not speak to a passive organism alone. It is interpreted by a person who
asks whether the signal makes sense, whether action is manageable, and whether the
recommended change fits a meaningful life. In this way, allostasis links adaptive biologi-
cal regulation to system dynamics, while salutogenesis and coherence link regulation to
resources, interpretation and patient objectives.

This distinction is crucial for precision health. Technocratic precision health often
seeks to optimize static metrics: lower this number, raise that score, classify this risk. Living
biology, however, operates through rhythms, thresholds, context and adaptive trade-offs. A
glucose spike, inflammatory signal or stress response is not always pathological in isolation;
it becomes problematic when timing, duration, context and recovery are dysregulated.
A salutogenic view further reminds us that the same measurement may have different
meaning depending on whether a person has the resources, understanding and motivation
to respond constructively.

Correctability can therefore be understood as the institutional equivalent of allostatic
regulation. A responsible health system does not maintain stability by freezing rules,
models or indicators. It maintains stability by changing them when feedback reveals
mismatch, overload or unintended harm. Just as biological systems achieve stability
through adaptive regulation, health systems should achieve reliability through iterative
correction. This is the biological-institutional bridge that gives the Allostatic Viability
Principle its practical meaning: stability is preserved through accountable adjustment
rather than through rigid fixation.

Evolutionary developmental biology sharpens this point. Evolution does not always
proceed by inventing entirely new parts. Major morphological and functional changes often
arise through altered regulation of existing developmental programs: changes in timing,
location, expression and interaction of regulatory switches [49–52]. The systemic translation
is direct yet cautious: health systems do not necessarily need a new AI department, a new
omics clinic or a new bureaucratic layer for every innovation. They often need to rewire
the regulatory switches of existing data flows so that clinical feedback, patient experience
and real-world evidence can trigger institutional change.

This Perspective helps distinguish innovation from mere structural accumulation.
Health systems often respond to new challenges by adding separate AI units, omics
clinics, data registries, dashboards, committees or administrative layers. Such additions
may expand technical capacity, but they do not necessarily improve learning. An open-
order system asks a different question: does a new tool change how feedback is received,
interpreted and translated into correction?

The Evo-Devo analogy gives precision health a sharper institutional lesson. Transfor-
mative change often depends less on adding new units than on changing when, where and
how existing structures are activated. In system terms, correctability is not achieved by
expanding the technical architecture alone, but by improving the regulatory wiring that
allows data, clinical experience and patient feedback to trigger timely revision of pathways,
thresholds, models and guidelines.

8. Digital Precision Health: AI, Biomarkers and Algorithmic Deafness
Digital health and AI expand the technical possibilities of precision health. Machine

learning can support pattern recognition, risk stratification, imaging interpretation, triage,
monitoring and decision support [53–55]. Digital systems can connect care across settings,
integrate longitudinal data and detect changes before clinical disease becomes visible. For
complex and chronic conditions, such capabilities are potentially transformative.
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At the same time, digital precision health can produce technocratic closure. A system
closes technocratically when measurement is mistaken for understanding, prediction for
responsibility, and algorithmic output for judgment. Bias in population health algorithms,
the ethical challenges of machine learning in medicine and the insufficiency of principles
alone for AI governance have been widely discussed [56–58]. WHO guidance similarly
emphasizes governance, transparency, accountability, data protection, human oversight
and regulatory capacity for AI in health [59,60].

Algorithmic deafness denotes a system condition in which data-driven outputs are
continuously generated but cannot be institutionally contested, corrected or translated
into accountable pathway change. It occurs when an automated decision loop is internally
optimized for data processing but lacks mechanisms for clinician override, patient appeal,
error reporting, or model revision. The system may become statistically responsive and
institutionally deaf at the same time. It hears the dataset but not the patient; it updates the
score but not the pathway.

The open-order framework translates these concerns into evaluation criteria. A digital
precision health tool should be assessed according to whether it strengthens legitimate
boundaries, improves meaningful exchange, enhances feedback quality and increases
correctability. Boundary criteria include privacy, consent, proportionality, cybersecurity
and regulatory oversight. Exchange criteria include interoperability, clinical interpretability
and communication between patients, clinicians and institutions. Feedback criteria include
linkage between predictions, outcomes, adverse events and patient-reported experience.
Correctability criteria include model updating, auditability, override mechanisms, appeal
pathways and guideline revision.

This declarative framing replaces a purely rhetorical assessment of digital tools. The
question is not whether AI is good or bad in general. The question is which system functions
it improves and which it weakens. AI can open a system when it reveals previously invisible
risks and supports better care. It can close a system when it creates data silos, opaque
authority, administrative burden or automated decisions that clinicians and patients cannot
contest. Algorithmic deafness is the ultimate pathology of a technocratically closed system,
directly opposing the principles of an open order.

9. Operationalizing the Open-Order Framework in Precision
Health Systems

Operationalization is essential if the framework is to be useful for systems researchers,
health informaticians and institutional decision-makers. Health system performance frame-
works increasingly emphasize people-centeredness, resilience, digital transformation, equity
and learning across countries and institutions [61]. However, performance measurement itself
can become a closed system if indicators are collected without meaningful correction.

This is a Goodhart-style risk: once a measure becomes a target, it can cease to function
as a good measure of the underlying reality [62]. In precision health, the risk is not only that
metrics are wrong. The risk is that metrics become institutionally successful while clinically
or socially misleading. Readmission rates, algorithmic risk scores, app engagement, data-
completeness indicators, or biological age estimates can all become targets that optimize
reporting rather than health.

Table 1 proposes a preliminary matrix for translating the AVP/open-order dimensions
into health-system equivalents, risks of closure, indicators and corrective mechanisms. The
matrix is not intended as a finalized measurement instrument. It is a design scaffold for
future empirical work, implementation studies and institutional self-assessment. It also
illustrates a key claim of the paper: system performance cannot be judged only by the
presence of data flows, but by the presence of corrective pathways.
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Table 1. (A). AVP/open-order dimensions, biological archetypes, health system equivalents and
pathologies of closure. (B). Possible indicators and corrective mechanisms for the AVP/open-
order framework.

(A)

AVP/Open-Order Dimensions, Biological Archetypes, Health System Equivalents and Pathologies of
Closure

Dimension Biological Archetype Health-System
Equivalent Pathology of Closure

Boundary
Cellular membrane;
epithelial barriers;
immune tolerance

Data privacy; informed
consent; regulatory

approval; professional
standards; distinction
between care, research

and commerce

Technocratic exclusion: data
silos, regulatory capture or
over-protection that blocks

responsible research or
care continuity

Exchange

Receptor signaling;
nutrient transport;

endocrine, immune and
neural communication

Interoperability;
patient-clinician

communication; shared
decision-making; FAIR

data principles and
FHIR-like

standards [63,64]

System dissolution: noise
overload, commercial
exploitation, loss of
interpretability or

fragmented communication

Feedback

Hormonal loops;
metabolic adaptation;

epigenetic modifications;
immune signaling

PROMs; patient-defined
goals; biomarker

tracking; adverse-event
reporting; real-world

evidence; longitudinal
individual baseline

Symbolic reporting: metrics
are collected but divorced

from patient experience, care
pathways or

institutional accountability

Correctability

DNA repair; immune
adaptation; allostatic

regulation;
tissue remodeling

Adaptive governance;
algorithm updating;
guideline revision;

appeals and override
mechanisms; shared

decision-making loops

Dogmatic stasis: biased or
outdated models, blocked

overrides, guideline inertia
or inability to

revise decisions

Equity/access
Vascular supply;

resource distribution
across tissues

Access, affordability,
literacy, community

trust, benefit sharing,
capacity to act

Privilege capture: precision
diagnostics and digital tools

benefit mainly
high-resource groups

(B)

Possible Indicators and Corrective Mechanisms

Dimension Possible Indicators Corrective Mechanism

Boundary

Data-access time;
consent withdrawal

rates; audit frequency;
rejected access
requests with

documented reasons

Consent revision; ethics review; transparent data-access
governance; proportionality checks; revision of access

rules when they block legitimate care or research

Exchange

Cross-platform data
transmission; clinician

usability; patient
comprehension;
interoperability

error rates

Interoperability governance; translation layers for
clinicians and patients; removal of duplicative data entry;

shared semantic standards

Feedback

Prediction-outcome
discrepancy;

PROM response;
goal-attainment

measures; deviation
from individual baseline;

adverse-event
response time;

false-positive burden

Feedback triage; real-world validation; patient-safety
review; biomarker threshold reassessment; comparison of
predicted and observed outcomes with patient objectives
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Table 1. Cont.

Correctability

Guideline update time;
clinically justified
override rate after

retrospective review;
model drift correction

time; documented
changes after safety

signals; rate of care-plan
revision after

patient feedback

Model recalibration; guideline revision; clinician override
pathways; patient appeal mechanisms; shared revision of

care goals; accountability for learning from errors and
patient-defined outcomes

Equity/access

Uptake by
socioeconomic group;

digital-literacy barriers;
insurance or

reimbursement gaps;
appeal rates

Equity audit; subsidized access; community feedback;
redistribution of implementation resources

Abbreviations: AVP, Allostatic Viability Principle; DNA, deoxyribonucleic acid; FAIR, Findable, Accessible,
Interoperable and Reusable; FHIR, Fast Healthcare Interoperability Resources; PROMs, patient-reported out-
come measures.

Operationalization pathway: from dimensions to accountable revision
The tables are intended to be used within a five-step operationalization pathway

rather than as a stand-alone checklist. First, the unit of application and the relevant
system boundary must be specified—for example, an AI-supported risk tool in primary
care, an omics-guided prevention service or an institutional learning pathway. Second,
the relevant actors, data interfaces, patient-defined objectives and equity constraints are
mapped. Third, a small set of indicators is selected across boundary, exchange, feedback,
correctability and equity/access, with a documented baseline, target or acceptable range,
data source, review interval and responsible owner. Fourth, pre-specified review triggers
connect observed deviations to an authorized corrective action, such as model recalibration,
threshold revision, workflow redesign, consent amendment or patient appeal. Fifth, the
effects of the correction are reassessed, including unintended burden, disparities and goal
concordance, thereby restarting the learning cycle.

A minimum implementation record should therefore answer five questions: What is
being monitored? Whose goals and outcomes count? What deviation triggers review? Who
has the authority and responsibility to revise the system? How will the consequences of
that revision be evaluated? This distinguishes operationalization from simple measurement.
An indicator becomes part of the AVP framework only when it is linked to a decision rule,
an accountable actor, a revision pathway and follow-up.

At pilot stage, the framework can be applied as an institutional self-assessment. A
multidisciplinary team selects one bounded use case, maps the five dimensions, identifies
the weakest link, defines one or two correction triggers and documents the resulting change.
Comparative implementation studies can then test whether systems with explicit correction
pathways respond more rapidly, safely and equitably than systems that collect similar
indicators without defined authority for revision. Box 3 summarizes the resulting five-step
AVP operationalization protocol. Box 4 illustrates its application in a multi-omic metabolic
health scenario by contrasting technocratic closure with an open-order pathway.

Box 3. Five-step AVP operationalization protocol.

1. Define the use case and system boundary.
2. Map actors, interfaces, patient goals and equity constraints.
3. Specify indicators, baselines, review intervals and owners.
4. Define review triggers, authority and corrective actions.
5. Reassess outcomes, unintended effects and goal concordance, then iterate.
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Box 4. Systemic translation in action: multi-omic metabolic health.

Technocratic closure. A patient tracks continuous glucose monitoring and microbiome data through
a commercial platform. A proprietary algorithm flags a high postprandial glycemic risk score and
generates strict dietary mandates. If biological-age or metabolic markers do not improve because
chronic psychosocial stress, sleep disruption, medication effects, work schedules, or financial
constraints remain unmeasured, the system interprets the result as poor adherence or inadequate
patient effort. The platform compares the patient mainly with population-derived or proprietary
norms, while the patient’s own baseline, values, and objectives remain weakly represented. Data
remain siloed inside the platform, invisible to primary care, and the scoring weights remain
unauditable. System failure is externalized as individual failure.
Open-order pathway. The same multi-omic data are collected under interoperable standards and
interpreted in clinical consultation. The risk signal is translated through organismal context, longi-
tudinal baseline, biography and patient goals. The patient may not aim at maximal optimization,
but at reducing cardiometabolic risk while preserving energy, social eating, work routines or mental
stability. If aggregate feedback shows that a threshold produces frequent false positives, anxiety,
inequitable recommendations or poor goal-concordance, an institutional review is triggered. Au-
tomated alerts are recalibrated, clinical communication is revised, and guideline thresholds are
updated. The system learns not only from the data point, but from the consequences of using it.

10. Responsible Health Systems as Open Orders
A responsible health system is not a system that never makes mistakes. It is a system

that can recognize, disclose, learn from, and correct mistakes. This distinction is central to
public trust. Systems lose trust not only when errors occur, but when they appear unable
or unwilling to process errors openly.

The open-order framework also clarifies the role of values and patient objectives.
Health systems must balance early detection with overdiagnosis, privacy with data sharing,
prevention with autonomy, efficiency with dignity, personalization with equity, and inno-
vation with evidence. For an individual patient, the relevant objective may not be maximal
risk reduction at any cost. It may be preserving cognition, mobility, fertility, work ability,
social participation, psychological stability, or a tolerable daily routine. Evidence-based
medicine itself has been criticized when evidence hierarchies become detached from patient
complexity and professional judgment [65]. The reproducibility crisis and the high risk of
false-positive findings in some areas of biomedical research further show that knowledge
systems need correction, not only production [66].

Equity must be treated as a system property, not as an afterthought. Precision health
can widen inequality if high-resolution diagnostics, digital literacy and tailored prevention
are available mainly to privileged groups. Social determinants of health shape exposure,
vulnerability, access and the capacity to act on recommendations [67]. Therefore, boundaries
and correctability must include equity checks: who receives access to precision diagnostics,
who bears the burden of monitoring, who can appeal algorithmic classifications, and who
benefits from institutional learning.

In this sense, correctability is not only technical. It is ethical and institutional. In-
stitutions that manage common goods require rules, monitoring, graduated responses
and mechanisms for collective learning [68]. Science and technology governance likewise
require humility about uncertainty, limits and unintended consequences [69]. Responsible
precision health therefore depends on human-in-the-loop structures that are not tokenistic:
clinicians, patients, regulators and researchers must be able to challenge models, reinterpret
data and revise practice.

This perspective distinguishes personalization from individualized responsibilization.
Personalization can mean tailoring care to individual biology, biography and circumstances.
But it can also become individualized responsibility, shifting systemic burdens onto patients
through dashboards, scores and moralized prevention. An open-order approach insists that
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precision health remain embedded in institutional responsibility: data should support better
care and goal-concordant decisions, not merely transfer risk management to individuals.

11. Discussion: From Prediction to Correctability
The central contribution of this paper is the Allostatic Viability Principle (AVP), with

correctability as its decisive operational bridge between biological regulation and responsi-
ble health system design. Systems thinking often emphasizes feedback, but feedback is not
enough. A dashboard can display worsening inequalities without changing reimbursement.
An adverse-event report can be filed without redesigning workflow. A biomarker can
indicate risk without creating an actionable care pathway. Correctability asks whether
feedback changes the system in ways that can themselves be evaluated.

This concept has implications for biomarker development. New tests should be evalu-
ated not only by analytical validity, predictive performance and biological plausibility, but
by whether they improve decisions for the person concerned, reduce harm, alter pathways
responsibly and remain open to revision. Biomarkers should be interpreted in relation to
population reference intervals, individual baselines, biological variation, clinical context
and patient-defined objectives. It also has implications for AI governance. Algorithms
should be evaluated not only by accuracy metrics, but by auditability, interpretability,
override options, equity monitoring, goal concordance and the time required to correct
models when performance drifts.

The framework also extends the learning health system concept. Learning health
systems already emphasize the integration of data, practice and continuous improve-
ment [15,16]. The open-order framework adds a sharper diagnostic question: does learning
remain accountable, value-sensitive and correctable, or does it become symbolic reporting?
A system that learns only within the categories it already accepts may improve efficiency
while losing sensitivity to what those categories exclude.

The paper also clarifies why precision health must be more than a technical project.
Epigenetics, microbiota, allostasis, and Evo-Devo all show that living systems are regulated
through context-sensitive feedback. Digital technologies can make this regulation visible,
but they can also flatten it into dashboards and classifications. Responsible precision health
requires epistemic humility: biomarkers and models are instruments of interpretation, not
substitutes for judgment.

The framework has limitations. First, it is conceptual and requires empirical testing
in concrete settings. Second, biological analogies must remain limited; health systems
include values, power, law and language in ways that cells do not. The framework should
therefore be understood as a tool for asking better systems questions, not as a direct model
for institutional design. Third, the preliminary indicators in Table 1 require validation,
prioritization and adaptation across health system contexts. Fourth, correctability may
itself conflict with stability when systems revise too frequently, creating uncertainty or
implementation fatigue. This risk has a biological analog: viable organisms do not change
chaotically after every signal, but correct within relatively stable corridors of regulation, a
principle related to homeostasis, allostasis and Waddingtonian canalization [21,22,28,46].
The AVP therefore does not imply permanent flexibility; it is disciplined adaptive revision
within stable but revisable boundaries.

Future research could translate the framework into survey instruments, institutional
audits, implementation studies and system dynamics models. It could test whether cor-
rectability indicators predict safer adoption of AI, better use of biomarkers, higher patient
trust or more equitable precision prevention pathways. It could also compare closed and
open-order implementations of the same digital tool across health system contexts.
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Figure 3 summarizes the translational logic of the AVP/open-order framework: pre-
cision health becomes responsible not by accumulating more data alone, but by moving
from generalized norms and fragmented prediction toward individualized, goal-oriented
and corrigible care.

Figure 3. From current state to desired goals: open-order pathways in precision health. The figure
summarizes how precision health can move from generalized marker norms, fragmented data flows
and weakly translated feedback toward person-centered, goal-oriented and corrigible care. The
transition depends on clarifying the person’s goals, protecting boundaries, enabling meaningful
exchange, using feedback responsibly and ensuring correctability. Horizontal arrows indicate the
proposed transition from current problems through open-order pathways to desired goals; the aligned
rows show corresponding relationships rather than a strictly temporal sequence.

12. Conclusions
Precision health can develop along at least two system trajectories. One trajectory is

technocratic: it expands measurement, prediction and optimization while leaving responsi-
bility fragmented. It produces more biomarkers, more omics layers, more digital traces and
more automated recommendations, but it may fail to clarify who must act, who can contest
a decision, who monitors unintended harms and who is responsible for correction.

The other trajectory is responsible and systemic. It treats data not as an endpoint, but
as part of a learning architecture. In such a system, biomarkers, AI tools, patient-reported
outcomes and real-world evidence are valuable only insofar as they improve interpretation,
support clinical judgment, respect patient values, reveal unintended consequences and
trigger correction when thresholds, models or pathways become misleading. Population
norms remain important, but they are not the same as the norm of this person. Precision
health becomes responsible when prediction is connected to accountable learning and to
the patient’s own objectives for health and life.

Living systems are useful for this argument because they show a basic systems princi-
ple: stability does not require rigidity. Viable systems remain stable by protecting bound-
aries, allowing selective exchange, processing feedback, and correcting regulation when
conditions change. Health systems require analogous but not identical functions: privacy
and professional standards; interoperability and communication; outcome and experi-
ence feedback; and institutional pathways that allow models, guidelines, thresholds and
procedures to be revised. In this sense, the AVP suggests that precision health should
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not be judged only by how much it can measure, but by how well it can remain open to
accountable correction.

The proposed Allostatic Viability Principle thus shifts precision health from measure-
ment alone toward accountable learning. Precision health is mature only when predictions
can be interpreted with patients, tested against real-world consequences, and revised when
they no longer fit the person, the evidence, or the pathway. Without correctability, precision
health risks becoming precise without becoming responsible.
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