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Abstract

Complex multicellular systems face an intrinsic reliability problem in which the machinery that
maintains order is itself subject to degradation. While the molecular hallmarks of aging are well
characterised, how stochastic cellular damage is translated into tissue-level decline remains
incompletely understood. Tissue maintenance may in part be constrained by a sensing bottleneck in
which cells access only a compressed and incomplete representation of their microenvironment and
of neighbouring cells’ internal states. Consequently, tissue decline may depend in part on how
effectively multicellular systems can sense and stabilise collective tissue states across scales. We
explore how dysregulation may arise at the tissue scale through coordination properties such as
architectural topology, coupling fidelity, and context dependence. Erosion of these interacting
features may compromise the tissue’s ability to constrain local function, permitting recurrent but non-
uniform forms of deterioration. We consider failure patterns such as the emergence of coordination
traps: dysfunctional but self-stabilising tissue configurations that arise when drift becomes
consolidated in slow-turnover substrates such as structural, contextual, or epigenetic layers. If
youthful tissue organisation is distributed across these layers rather than stored as a single
recoverable reference, then tissue state itself may be prone to collective drift. This view may help
explain why different organs exhibit distinct age-related trajectories and suggests that effective
interventions may need to restore or reconfigure the interdependent layers that sustain tissue
coordination.

Keywords: aging; biogerontology; cancer; coordination trap; systems biology; evolution of aging

Introduction

In the absence of an external overseer, organisms maintain tissue order through a distributed
network of endogenous surveillance, repair, and renewal mechanisms [1,2]. However, this imposes
a self-referential design problem in which the machinery that corrects errors is itself subject to the
very errors it is meant to correct [3]. Classic reliability theory suggests that, to some extent, organisms
behave as collections of redundant parts that fail over predictable timescales [4]. However, this view
is incomplete. Organisms are adaptive systems which continuously coordinate functions such as
renewal and remodelling in response to environmental change [5]. The hallmarks of aging provide a
detailed account of molecular and cellular deterioration [1,6,7], but they leave open the question of
how tissue-scale coordination degrades (Supplementary Information Note S1).

Here, we examine how this decline may emerge through changes in spatial topology, structure,
composition, and intercellular coherence. We first define coordination as a tissue-level property, then
consider how it may be measured and encoded across substrates with different turnover timescales.
We next ask why coordination is intrinsically difficult to preserve and then discuss potential failure
modes that may follow. In this view, aging may involve both loss of healthy coordination and gain
of pathological coordination.

Principles of Multicellular Organisation

Multicellular coordination faces several challenges, but certain design principles are consistently
observed. Many organs are composed of functional tissue units (FTUs), repeating modules such as
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islets, nephrons, or hepatic lobules that organise local interactions around diffusion gradients [8]
(Figure 1A). Other functional patterns can be described in terms of clonal lineages, network motifs,
trophic units, or dynamic mesoscale modules [9-11]. Modularity provides parallel redundancy, error
containment, and scalability [4,12]. Tissue physiology emerges from mesoscale arrangements such as
serial chains, parallel compartments, and distributed fields, each of which presents distinct
vulnerabilities during aging (Figure 1B-E).

A Functional Tissue Units (FTUs) D Leveraged producer-consumer
‘ 0
{ \ 2 Producer cells ..' <P
.: T =l b .,,_‘ Multiplexed
: j't;. @) D / ‘ - leverage
/‘; o '.; O *s Output | |
// <y ‘.'. - field ‘ | Output :..
l y field .
Kidney Renal Corpuscle Pancreas Islet - K
Recipients » 4~ #
@ o
c .
B Modular/parallel units
Serial units \J v v E Hubs and keystones
L o e e
L) L > ] -
i ik pe o5 Y o, s s
- Wi LI AR 4 .
v v v ’ 2

Figure 1. Topological motifs and coordination architectures in tissues. (A) Functional Tissue Units (FTUs),
such as the renal corpuscle and pancreatic islet, represent the foundational, modular building blocks of complex
organs. (B) Serial coordination units, where the functional output or structural modification of one cell serves as
the direct input for the next in a sequential pathway. (C) Modular and parallel arrangements provide functional
redundancy. Compartmentalising tissues into discrete units limits the propagation of errors or stress. (D) Field
leverage in producer-consumer architectures. A distinct, often smaller population of producer cells generates
shared output fields (e.g., paracrine signals, mechanical states) that multiplex to govern a significantly larger
recipient population. This high-leverage topology creates structural vulnerability; if the producer pool declines,
the remaining producers face rapidly escalating demand, driving them toward a failure. (E) Hubs and keystone
cells are embedded within a heterogeneous tissue ensemble. These highly connected, high-gain cells
disproportionately drive local tissue function and likely bear heavier metabolic workloads, potentially exposing

them to selective attrition over time.

However, multicellular tissues must also maintain stable configurations over time. To respond
dynamically to perturbation, tissues require environmental feedback, often achieved by
simultaneously producing and sensing shared substrates. This self-referential design allows cells to
update their local environment and generate shared substrates in closed feedback loops, supporting
specialisation, adaptivity, and division of labour.

Coordination theory studies how interacting units manage interdependencies through
producer-consumer relationships [13]. Multicellular tissues also share these interdependencies
(Figure 2A,B), but unlike engineered or sociological systems, organisms have no external rule layer.
Tissue physiology emerges from mutual compatibility of endogenous substrates like paracrine
signals, receptor densities, extracellular structures, and epigenetic states. These rules can therefore
drift, degrade, and be rewritten by the very collective they govern.
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Figure 2. Self-referential producer-consumer architecture of tissues, encoding of coordination states and the
sensing bottleneck. (A) Organism-level view of coordination. Tissues both produce and consume shared fields
in closed feedback loops. Interactions form interconnected producer-consumer networks at multiple scales. (B)
Local tissue coordination as a producer-consumer system. Cells act as both producers (e.g., secreting paracrine
factors, cytokines, or ECM components) and consumers (responding to shared fields). Keystone cells
(highlighted in red) are high responder/gain cells. Autocrine, paracrine, and ECM-mediated feedback create self-
updating loops. (C) Encoding layers of coordination architecture ordered by turnover timescale. Coordination
states are stored across substrates with increasing persistence from left to right. Bidirectional arrows indicate
cross-layer reinforcement where fast perturbations may rewrite slower layers, while slow layers re-specify faster
ones, enabling memory of past states. (D) The endogenous sensing bottleneck. High-dimensional intracellular
states are only accessible to neighbouring cells via a compressed projection, and each cell reads only a low-
dimensional projection of its context. (E) Attractor-like states in coordination decline. A system perturbed from
a healthy state (top red dot) may settle into a dysfunctional attractor basin (bottom red dot) via reinforcing

feedback across encoding layers, consistent with the emergence of coordination traps.

Measuring Coordination of Tissue Function

We use the term coordination architecture to refer to the mesoscale organisational properties
that structure tissue interactions. Rather than a single variable, it comprises spatial topology, coupling
properties, shared fields, local composition, and slower structural or epigenetic encodings insofar as
these shape interaction rules. Some coordination features may only become visible at the appropriate
spatial scale or may be heterogeneously distributed. Coordination denotes the tissue-level state
emerging from these coupled interactions, whereas coordination architecture denotes the substrates
that constrain that state.

Networks are a natural way to operationalise coordination architecture, offering tools to
measure and interpret organisation and dynamics (Table 1, Supplementary Information Note S2).
Coordination can be studied within FTUs through physical junctions and active coupling (paracrine
signals, Notch-Delta, etc.) [5,14], while between-unit properties may be assessed with perfusion,
gradients, mechanical stress/strain, and long-range endocrine and autonomic inputs [15-17].
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Table 1. Candidate metrics and tests for assessing aspects of coordination. These metrics capture distinct, non-

equivalent dimensions of coordination and should not be expected to move uniformly with age.

Relevance in aging

If tissue undergo deformation of spatial
organisation, loss of local containment,
or persistent abnormal re-patterning

If tissues experience altered signalling
fidelity, response synchrony, or
pathological reinforcement between
cells

If shared local states deform or
abnormal field configurations are
stabilised

Detecting fragmentation or
diversification, but should be
interpreted cautiously where ageing
produces convergent reactive states
[21,22]

Detecting altered coordination fidelity,
whether through decoherence or
pathological tightening of specific

programmes [23]

Identifying vulnerable control points
whose loss or dysfunction could have
outsized tissue-level effects [24]

Detecting loss of error containment or,
in some cases, abnormal
compartmentalisation of dysfunctional
states [8]

Quantifying how far tissue state has
moved from a healthy configuration
and how resistant it may be to reversal
[25,26].

As an integrated proxy for persistent

Metric / Measures
readout
Architectural
Topology Adjacency structure; defines the
spatial and physical reach of the
network. Cell contacts, diffusion
reach, vascular patterning (e.g.,
ECM, basement membranes) [18]
Coupling Edge transfer functions; dictates the
gain, delay, and directionality of
interactions between nodes. Notch-
Delta signalling, gap junctions,
mechanotransduction [14,15,19]
Fields Emergent shared states; the
mechanism of flow that cells both
produce, read, and coordinate
around. Cytokine gradients,
mechanical stress, electrical
potentials [20]
Candidate readouts
Shannon Dispersion / heterogeneity of cell
Entropy states / expression programs /
signalling responses
Mutual Coupling: sender-receiver
Information coordination (ligand-response
dependency)
Centrality Hub identification: implies bridge
measures position in shortest paths (not
necessarily highest load)
Modularity Containment: degree of clustering
with sparse inter-cluster connections
Optimal Population state deformation:
transport transport cost of shifting a cell
population to a healthy reference
distribution
Histology- Morphological changes during

aging, potential structural field
proxy.

based clocks

structural deformation or aged tissue
organization [27-29].
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Spatial Local tissue effects of perturbation; Testing whether ageing changes
perturbation neighbour influence; context neighbour effects, recovery, or the
omics dependence persistence of dysfunctional local

responses

Emerging spatial omics and perturbational methods, such as spatial Perturb-Seq [30], Perturb-
FISH [31], and Perturb-Multimodal [32], may be especially relevant because they preserve tissue
position and neighbourhood context, enabling direct measurement of context-dependent and non-
cell-autonomous perturbation effects in situ.

Spatial and relational metrics may capture tissue-level information that is partly orthogonal to
cell-intrinsic aging changes, relating to tissue organisation and coherence. Recent studies across brain
and other mouse tissues highlight microenvironment heterogeneity during aging such as
neighbourhood proximity effects, elevated organisational entropy, and senescence-sensitive spots
[33-35]. This suggests tissues lose the capacity to maintain appropriate local collective states,
allowing dysfunctional states to stabilise. These methods also suggest that coordination properties
likely exhibit spatial heterogeneity within aging tissues, so their mean level may not fully capture
their biological significance.

Encoding of Coordination Architecture

Tissue state is recorded in physical substrates with different turnover rates (Figure 2C), so not
all forms of coordination drift should be equally persistent or equally reversible. Several broad
categories are apparent:

e  Signalling (hours to days). Cytokine, paracrine, and endocrine signals are continuously secreted
and degraded [36]. These constitute dynamic fields that can dissipate rapidly.

o  Epigenetics (days to years). A cell’s identity functions as a coordination programme, shaping
producer-consumer relationships via fields, coupling properties, and topology [37]. This programme
is consolidated by chromatin architecture [38,39] (Supplementary Information Note S3).

e Compositions (weeks to years). Cell-type proportions and clonal composition change slowly
through differential proliferation, attrition, and selection [39-41].

e  Structure (months to decades). Network topology is defined by slow-turnover substrates,
including ECM architecture, vascular patterning, basement membrane integrity, and fibrotic
remodelling [42,43]. These structural elements represent the most durable encoding of
coordination architecture [28].

Evidence suggests these encoding layers constrain cell and tissue function. The stiffness of the
stem cell niche by itself can lead to age-related decline [44]. Decellularized matrix from aged livers
can impose functional deficits on young hepatocytes [45]. Compositional shifts also constrain tissue
function as capillary-associated macrophages are selectively lost with age, impairing vascular repair
[46], and many organ-specific cell types exhibit population shifts [39]. Encoding layers also interact,
for example, when sustained inflammation drives ECM remodelling [47]. Environmental
perturbations rewire intracellular functional networks [48,49] in a history-dependent manner [50],
suggesting life history is consolidated into tissue wiring.

The Information Theory of Aging (ITA) [51] identified this principle, but focused on the
epigenome as an information store that degrades with age. The layered view broadens this intuition
by suggesting that dysfunction arises not only from epigenetic information loss, but also from state
encoding and feedback distributed across substrates with distinct turnover timescales. This may have
therapeutic consequences if an encoding layer with a quick turnover is reset, while slower structural
or epigenetic layers remain degraded, the slow substrates could re-specify the fast ones, pulling the
system back toward dysfunction.

If adult tissue maintenance depends substantially on ongoing context-sensitive feedback, rather
than being continuously reimposed by cell-intrinsic feed-forward programmes, then drift may
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accumulate across these layers. This may manifest as desynchronisation, compositional distortion,
structural remodelling, or stabilisation of dysfunctional but internally coherent states. This raises the
question of why tissue coordination is not more completely prevented by regulatory pathways. To
address this, we next consider the intrinsic limits on endogenous control at the tissue level.

The Limits of Control and Why Coordination Is Fragile

To stabilise a tissue configuration, cells must be able to sense deviations and deploy
countermeasures, ranging from cell-intrinsic repair and division to cell-extrinsic processes like
immune surveillance, apoptosis, and tissue remodelling. However, the effectiveness of these
countermeasures is limited by a little-discussed informational constraint. A cell’s internal state space
is extremely complex, encompassing its genome, epigenome, proteostasis, and metabolic fluxes. Its
local context is likewise complex, consisting of extracellular matrix (ECM), neighbouring cells, and
biochemical flows. Yet cells possess only a limited repertoire of receptors and signalling mechanisms
through which to sense and transmit information. Even complex surveillance interfaces, such as
MHC-I peptide presentation, only sample a fraction of the proteome [52].

The shape of this problem was formalised by Ashby’s law of requisite variety, which states that
a regulatory system must possess a repertoire of responses at least as complex as the disturbances it
seeks to control [53,54]. Applied heuristically to multicellular tissues, this suggests a general limit on
controllability, in which some deviations may only be weakly constrained if they are not adequately
sensed through low-dimensional interfaces.

A related intuition appears in Gladyshev’s deleteriome framework, wherein organisms
accumulate unavoidable age-related changes beyond the reach of repair [7]. Although the
deleteriome is usually discussed in molecular and cell-intrinsic terms, the same logic could extend to
organisational and relational states. In the extreme, a tissue with substantial configurational drift may
be dysfunctional despite a relatively modest molecular damage burden. Tissue dysfunction may
therefore arise not only through damage and attrition, but also when higher-order configurations
drift in ways that endogenous control can only partially constrain.

Evidence Consistent with Coarse-Grained Enforcement

If endogenous enforcement is fundamentally coarse-grained, then some degree of tissue-level
coordination decline may be expected. We therefore consider whether current evidence is consistent
with this interpretation.

Endogenous surveillance systems are well described for issues such as genotoxic stress, aberrant
proliferation, loss of self-identity, infection, apoptosis, and tissue damage [1,52,55]. By contrast, there
is little evidence for general-purpose regulatory machinery that measures whether an individual cell
is contributing appropriately to physiological output. If such function-specific auditing systems were
widespread, they would likely be more prominent in the literature on tissue homeostasis. Their
apparent scarcity is consistent with the view that endogenous governance operates through relatively
coarse-grained interfaces.

High-throughput in vivo screens in different organisms are consistent with this interpretation
[56-58]. In several systems, only a minority of perturbations produce strong persistence phenotypes
in native tissue, suggesting that many deviations are either buffered or only weakly coupled to
endogenous enforcement.

As a proof-of-principle illustration, we reanalysed the genome-scale CRISPR screen performed
in native mouse liver by Keys and Knouse [58], which identified gene knockouts that caused
hepatocytes to be selectively lost from the tissue. Among negatively selected perturbations, the
dominant signal was impairment of core cellular fitness rather than specialised hepatocyte output
(Figure 3A-C). Apparent exceptions were more readily explained by intrinsic viability defects or
broad policing mechanisms such as altered self-recognition or complement susceptibility than by
direct auditing of specialised liver function (Figure 3D,E; Supplementary Table S1).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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This single assay is limited, but as an illustration, it supports the broader interpretation that
endogenous regulation is tuned more strongly to major failure classes than to fine-grained
performance auditing. If so, then the full space of cell-intrinsic and context-associated drift may only
be partially constrained.

Eliminating this bottleneck may be difficult as additional surveillance introduces recursive
maintenance costs and energetic trade-offs [59,60]. The lack of a stable external reference makes peer-
to-peer monitoring problematic because the consensus baseline can itself drift. These constraints may
help explain why tissue regulation remains effective against major threats while still permitting
gradual architectural deterioration. If some forms of drift are corrected while others remain weakly
audited, their accumulation may generate recurrent patterns of failure, which we consider in the next
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Figure 3. Specialised hepatocyte outputs are weakly coupled to tissue-level enforcement. (A) Summary of
gene categories among significantly depleted hits (FDR < 0.05) from a genome-wide in vivo CRISPR screen in
mouse liver [58]. Genes are classified as common essential, interface/context, liver-specific output, or other.
Depletion rate (%) is shown relative to the total number of genes in each category within the screen. (B)
Proportional composition of the depleted gene set. (C) Forest plot from a multivariable logistic regression
predicting gene depletion. Common-essential membership strongly predicts depletion, while liver-output GO
annotation is significantly under-represented among depleted genes, and interface/context genes show no
significant enrichment or depletion. (D) Mechanistic classification of non-common-essential depleted hits (n=18).
Interface/context and liver-output genes are assigned to their most plausible dropout mechanism based on
known gene function: immune clearance via loss of MHC-I self-identity, complement susceptibility, or intrinsic
viability loss. No gene in either category provided strong evidence for direct auditing of specialised hepatocyte
output. (E) Gene Ontology Biological Process enrichment among residual depleted genes after removal of
common-essential genes. Dot size is proportional to gene ratio; x-axis shows -logi, (FDR) after Benjamini-

Hochberg correction.
Mechanisms of Coordination Decline in Aging and Disease

Drift in Renewing Tissues

Although continuous cellular turnover in proliferative tissues replaces damaged cells, such
tissues still exhibit age-related decline. The intestinal epithelium renews rapidly but is also
coordinated by the crypt niche (ECM, Wnt gradients, Paneth cell signals) [61]. If niche degradation

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2059.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2059.v2

8 of 22

outpaces epithelial renewal, the tissue microenvironment likely ages despite continuous cell
replacement [62]. If new cells enter a degraded context that they cannot individually sense or correct,
they adapt to their surroundings, adopting the degraded coordination state as their new normative
reference.

This microenvironmental drift can be driven by increased spatial heterogeneity, altered cell
competition, and diminished cell-fate fidelity [63,64]. In some contexts, aging should correlate with
the degree to which coordination information is encoded in extracellular substrates, and the degree
to which these degrade. Cell-intrinsic dysfunction may in some cases be partly coupled to the
microenvironment.

Selection-Driven Drift in Coordination

Although drift in the normative reference can be driven by a variety of interacting mechanisms,
not all drift is equivalent, because new cell states arising from drift are subject to differential retention
within the tissue. We consider workload contribution here as one especially intuitive dimension.

Within tissues, cells are often not uniformly responsive to shared drive signals. They occupy
slowly varying, partly heritable response states shaped by receptor expression, epigenetic
programmes, metabolic configuration, stress history, and damage [65-67]. Consequently, the same
coarse-grained drive signal, such as hormonal, inflammatory, or mechanical signalling, can elicit
unequal outputs across cells.

High-output states are likely to incur disproportionate burdens of oxidative stress, proteostatic
load, ER stress, and mechanical strain [68,69]. Over time, the most responsive cells (keystones) may
be more prone to burnout, dropout, or maladaptive remodelling than lower-output, more stress-
tolerant neighbours (cheaters). This can be viewed as a maladaptive survivorship bias (the ‘Cheater’s
Dividend’) in which coarse-grained regulation may allow lower-contributing cells to persist
preferentially.

This logic predicts the possibility of gradual enrichment for stress-resistant, lower-output states.
Consistent examples include aging muscle stem cells shifting toward a more survival-favoured but
less activation-competent state [70], the vulnerability of 3-cell hubs and other high-leverage cellular
populations [71-76], and clonal expansions such as CHIP in which persistence can become partly
uncoupled from optimal tissue function [77-79]. A similar dynamic is reported in Drosophila renal
tubule [17] (analysed in detail in Supplementary Information Note 54).

Connection to Hyperfunction Theories

Aging may further exacerbate this selection dynamic by increasing response heterogeneity
[80,81] and reducing cellular efficiency [82,83], thereby pushing the most responsive cells toward
chronic overwork. This dynamic may complement hyperfunction theories of aging [84-86],
suggesting that both hyper- and hypofunctional states may arise from the same process. One
implication would be that interventions such as mTOR inhibition may act, in part, by reducing
keystone vulnerability or redistributing functional load [87].

This process remains hypothetical and likely varies by tissue. The mouse screen analysis
discussed above (Figure 3) is consistent with the premise insofar as reduced specialised output
appeared only weakly coupled to negative selection in that assay. More generally, tissues that better
preserve modularity, coupling fidelity, and response homogeneity should be more resistant to this
form of selection-driven coordination drift.

Cancer as Coordination Escape

If weakly audited drift can generate maladaptive cooperation, a more extreme possibility is full
escape from the coordination architecture. Cancers frequently remodel and reconstruct their
microenvironment, inverting the local coordination network toward tumour support, immune
evasion, and growth [88,89]. Epithelial-mesenchymal plasticity likewise involves altered cell
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interactions, loosening of epithelial organisation, and acquisition of programmes that support
invasion and metastasis [90]. Chronically fibrotic and inflamed tissue states also exhibit greatly
elevated cancer risk [91-93], and ECM stiffness alone directly drives malignant transformation
[94,95]. Degraded tissue context may thus be both a cause and a consequence of oncogenesis.

However, tumours are constrained by their cell-of-origin chromatin architecture and lineage
history [96-99], which restrict the oncogenic programmes and phenotypic states available to them. In
both aging and cancer, intracellular deviations accumulate within developmental and epigenetic
constraints, and only a subset is likely eliminated by endogenous control. In this view, cancer may
represent one extreme consequence of the same sensing and coordination constraints. Its existence
despite extensive suppressive machinery raises the question of what happens to the much larger set
of deviations that do not trigger transformation or elimination.

Erosion of Modularity and Leverage Escalation

Beyond local cell populations, tissue stability relies on architectural properties like modularity
to contain damage. When modular boundaries erode, previously isolated defects are allowed to
propagate systemically. For example, the senescence-associated secretory phenotype (SASP)
bypasses local containment to spread stress signals across tissues [100,101], and the breakdown of
tight junctions amplifies inflammation through improper paracellular transport [102]. Similarly, the
aging brain exhibits a marked decrease in both structural and functional network modularity [103].

In addition to losing modularity, complex tissues face an architectural vulnerability related to
structural leverage (Figure 1D). Tissues sometimes rely on a minority producer layer to establish
shared fields that govern a much larger consumer population. While functionally efficient, problems
may arise if drift or attrition occurs in the producer layer, potentially impacting the entire consumer
layer.

This leverage is more acute when the producer layer shrinks faster than its recipient population.
The surviving producers may be encouraged to work harder through normal negative homeostatic
feedback. This structural vulnerability can be intuited as a simple ratio of total consumer demand to
available producer capacity:

Nconsumer " d

Leverage =
Nproducer .C

Where N represents population size, d is consumer demand, and c¢ is the maximum producer
capacity. As producers are lost, the nonlinear increase in demand eventually saturates output
capacity, potentially inducing functional exhaustion. This trajectory is evident in chronic kidney
disease, where nephron loss forces surviving nephrons into hyperfiltration, ultimately driving load
redistribution and burnout [104,105].

In such cases, the initial stages of decline may be related to a limited amount of capacity, rather
than overt dysfunction. In the following, section we explore the possibility of a coordination-limited
regime, where the tissue retains its capacity but the normative reference itself drifts, stabilizing the
tissue around a dysfunctional configuration.

The Emergence of Coordination Traps

Several pathologies exhibit hysteresis, in which dysfunction persists after the initiating
conditions change, as though the tissue retains a memory of the prior state. Examples include the
metabolic memory of diabetes, where delayed glycaemic control fails to halt vascular complications
[106], and the mechanical memory of fibroblasts, which retain activated phenotypes even when
returned to compliant substrates [107]. Related persistence is also seen in inflammatory programmes
that continue after resolution of acute triggers [108], and adipose tissue retaining an epigenetic
memory of obesity after weight loss [109].

Although these pathologies differ in aetiology and mechanisms, they may share a common
dynamical feature. In each case, dysfunction appears to become stabilised across multiple substrates
that encode tissue organisation and coordination, such that reversing the initiating driver does not
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restore the prior state (Figure 2C,E). This could occur when a perturbation persists long enough to be
consolidated into slow-turnover substrates such as ECM or DNA methylation.

For example, in fibrosis, sustained inflammation drives fibroblasts to deposit stiffened ECM
[110], which resident cells then read to drive further fibroblast activation and inflammatory cytokine
secretion [111]. Even after the initial inflammatory trigger is removed, the structural and epigenetic
layers could re-specify the degraded state, maintaining the tissue in a pathological equilibrium.

Recent evidence suggests this re-specification extends to intracellular networks. Environmental
changes rewire the genetic interaction landscape within cells, altering which genes and complexes
are functionally coupled [48,112]. The recent multiomic study by Zhang et al. [113] of COPD patients
illustrates this dynamic at high resolution. Spatially organised pathological microenvironments
showed altered ECM, signalling, cell compositions, and inflammatory markers with regional
heterogeneity even within individual participants. Notably, specific inflamed non-immune
populations showed no correlation with pack-years or time since smoking cessation. This is
consistent with the possibility that local inflammatory programmes become partly self-maintaining
once established, supporting the idea that distinct trap-like states can coexist within the same tissue
and be reinforced by the microenvironment.

Taken together, these observations are consistent with a dynamical regime in which alternative
tissue states become self-stabilising. Dynamical systems theory would describe such behaviour as
attractor-like [114,115]. In multicellular tissues, we suggest the term coordination trap to refer to a
self-maintaining dysfunctional state stabilised by feedback across encoding substrates, such that
removal of the initiating driver does not restore the prior state. While coordination traps remain
hypothetical, we speculate on some of their properties and implications.

Persistent local perturbations such as local inflammation may be an initiating driver, as well as
gradual deformation of the microenvironment. Dynamically they may occur as a phase switch but
are perhaps more likely to emerge through gradual distortion of encoding layers. Attractor-like states
may be distinguished from slow recovery by perturbation-response testing. If a transient intervention
shifts the tissue away from its dysfunctional state, but the system rapidly returns to that baseline
when the intervention is withdrawn, this suggests attractor-like behaviour.

If dysfunctional states are maintained by distributed fields, then resetting those fields may
produce improvement even if other forms of damage persist. However, the probability of escaping a
dysfunctional state may also depend on the number of encoding layers that require addressing. A
tissue with a dysfunctional signalling profile should respond to manipulating field state alone.
Perhaps consistent with this is the observation that certain systemic interventions can reverse features
of aging despite persistent local damage [116-124]. However, a tissue trapped across structural,
compositional, and epigenetic layers may resist intervention, as slower layers re-specify the faster
layers. In practice, where recovery timescales are exceptionally long, resolving trap-like states may
require addressing the slowest-turnover encoding layer.

This view suggests partial reprogramming may yield greater benefits in tissues without major
structural degradation. Tissues with rapid turnover that continually refreshes compositional and
epigenetic encoding, such as intestinal epithelium and haematopoiesis, may be comparatively
resistant. Intact modularity may provide additional protection by limiting propagation.

Dynamics of Coordination Decline

Aging often shows selective breakdown of inter-module coordination, while within-module
relationships remain relatively preserved [125]. Decoupling appears in the brain, where the
correlation between mRNA and protein levels weakens [126], and aging erodes gene-to-gene
transcriptional coordination [127-129].

Hypothalamic inflammation [130,131] and circadian desynchrony [132,133] accelerate organism-
wide aging phenotypes. As these are high-leverage tissues that produce systemic fields, it is
unsurprising that dysfunction here generates systemic impact.
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In complex systems approaching failure, the phenomenon of ‘critical slowing down’ is observed,
in which the recovery time from a perturbation lengthens [134]. In tissues, recovery from perturbation
often requires adaptive interactions between cells, utilising signalling feedback loops to correct
deviations. If coordination architecture degrades, the restoring rate may slow to the point that
recovery becomes progressively impaired. This is consistent with late-life nonlinear failure
phenomena observed in animal models (‘Smurf’ transition) [135-137]. Many of these patterns are
consistent with damage accumulation, but the emergent dynamics are anticipated by a coordination
perspective. Specifically, the decoupling of networks, loss of synchronisation, functional identity, and
structural integrity, while some populations converge into stereotyped, self-reinforcing states.

Evolution and the Fitness-Reliability Trade-Off

Classic evolutionary theories of aging, such as Disposable Soma and Antagonistic Pleiotropy
[59,60], explain why selection prioritises near-term reproductive fitness over indefinite somatic
maintenance. Evolution optimises multiple trade-offs such as balancing informational efficiency
against fragility. Post-mitotic cells such as neurons and cardiomyocytes illustrate one extreme of this
trade-off, achieving high functional specialisation at the cost of limited substitutability [138,139],
leaving them vulnerable to cell attrition. Similarly, stable tissue topology often depends on long-lived
structural substrates such as the ECM, which are prone to degradation over time [18]. Tumour
suppression imposes an additional constraint in which mechanisms that lock down cellular state to
prevent malignant transformation can restrict the phenotypic plasticity that would otherwise help
regenerate tissues [140,141].

However, these evolutionary trade-offs are likely compounded by an informational constraint,
which limits the ability of tissues to sense and micromanage the full state space of age-related drift.
As biological coordination is self-assembled from the same noisy components it organizes [3],
complete regulatory oversight is likely informationally infeasible. Achieving both reliable self-
assembly and regulatory complexity sufficient to satisfy Ashby’s law of requisite variety [53] may
represent a limit on multicellular control. Fitness costs further restrict the degree to which
enforcement can be elaborated. Consequently, organisms must achieve complex physiology using
networks that necessarily operate through compressed and partial modes of sensing and control.

Different species may navigate these constraints in different ways. Long-lived species may
invest relatively more in architectural robustness, including compartmentalisation, enforcement, and
coupling fidelity, rather than in repair alone [142,143]. Species with negligible senescence, such as
Hydra, may also reduce reliance on vulnerable ensemble feedback by maintaining ongoing
developmental programmes that may outpace coordination degradation [142,144,145]. Nevertheless,
because the core signalling machinery that implements multicellular coordination is broadly
conserved across vertebrates, coordination decline is a plausible shared constraint on vertebrate
aging [1,14,146].

Experimental Roadmap and Therapeutic Implications

Experimental approaches to validate the coordination-architecture perspective are outlined in
Table 2.
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Table 2. Experimental approaches. These approaches are intended to distinguish dysfunction that is not well
explained by damage levels alone, from dysfunction associated with impaired tissue coordination. For
additional details, see Supplementary Information Note S2. Disconfirmation patterns: Evidence against the

framework would include failure of coordination measures to predict residual dysfunction, lack of context

dependence, and absence of persistent state behaviour once initiating perturbations are removed.

Category Proposed Experiment Expected Outcome / Interpretation
Diagnostic Tests
Damage vs. Remove or reduce a defined damage If function plateaus despite
coordination class (e.g., senescent cells) and substantial damage reduction,
quantify tissue recovery residual dysfunction may be
coordination limited.
Attractor Apply a transient, reversible A return to baseline suggests
identification perturbation (e.g., inflammatory, monostable drift; persistent

stress, or metabolic) and follow
recovery after withdrawal

dysfunction after driver removal
suggests a coordination trap.

Information & Fidelity

Coordination as
an independent

Disrupt coupling or timing whilst
minimising damage burden (e.g.,

If coordination decline is coupled to

functional decline at constant

constraint perturb synchrony, paracrine damage, it suggests coordination is as
coupling, or spatial organisation) an independent constraint.
Intervention Track coordination metrics alongside =~ Coordination metrics may improve
dynamics damage markers during a disproportionally to measured
rejuvenation or longevity damage burden, or may better
intervention explain residual dysfunction after
damage reduction
Architecture & Selection
Context Transplant young cells into aged Strong context dependence would
dependence tissue environments, and aged cells indicate that tissue state is encoded

into young environments

partly at the ensemble or

microenvironmental level rather than
only within individual cells
Preferential loss of high-output/hub
units over low-output units supports
selection-driven drift.

Selection-driven
drift

Compare persistence of high-
output/hub cells and lower-output
cells under matched stress or damage
burden

Looking forward, a coordination perspective may offer a useful lens for therapeutic
development by broadly grouping tissue decline into distinct functional regimes. While these
regimes are highly interdependent—capacity loss alters coordination, and degraded coordination
accelerates attrition—distinguishing them conceptually may help identify the proximal limiter of
tissue function:

Capacity-limited regimes (monostable drift/reserve limits): In tissues where dysfunction is
driven primarily by the progressive loss of functional units, decline may present as gradual capacity
erosion culminating in functional collapse. Here, interventions may require improved load geometry
or increased unit numbers. Reducing metabolic or mechanical demand may disproportionately delay
collapse by lowering the burden on keystone cells [147].

Coordination-limited regimes (lock-in, control failure): In this regime, interventions may need
to restore coupling and context, likely in addition to clearing damage. For example, senolytics may
encounter efficacy ceilings if the surrounding tissue context remains dysfunctional, and partial
reprogramming may yield only transient benefits if the degraded structural field states are left
unaddressed.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2059.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2059.v2

13 of 22

Coupled systems (cascades): The interdependence of systemic coordination suggests
multimorbidity may partly reflect organ-to-organ coupling [148]. Upstream decline could increase
load on downstream tissues, helping to explain stereotyped comorbidity sequences such as chronic
kidney disease contributing to heart failure [149].

Furthermore, the encoding layers discussed above suggest that intervention sequencing may be
important. For example, improving ECM quality before administering partial reprogramming might
reduce the risk of reprogrammed cells adopting maladaptive fates [150]. A critical constraint is the
plasticity-neoplasia trade-off in which increased plasticity can elevate cancer risk [140,141].

Conclusions and Future Directions

Molecular and cellular damage is widely regarded as an upstream driver of aging [1]. Here, we
explore plausible mechanisms for how such damage is translated into tissue-level dysfunction. In this
view, limited endogenous sensing may act as a structural filter through which stochastic molecular
damage is translated into recurrent patterns such as selection-like drift, escalation of leverage, and
stabilisation of dysfunctional states by slow-turnover encoding substrates. This view builds upon and
expands existing frameworks (Supplementary Information Note S5).

Ultimately, some features of aging may reflect the stereotyped drift of a self-maintaining system
with limited capacity to restore prior tissue configurations. Although the genome encodes a
developmental programme, this representation is closer to a temporal sequence of self-assembly
rather than a persistent structural blueprint. The youthful configuration is likely to be partly
relational and distributed across encoding layers rather than being fully represented within any
single cell. In many adult tissues, maintenance may therefore be akin to a Ship of Theseus process
rather than reading from a blueprint. However, without a stable reference, mammalian tissues may
stabilise around progressively degraded architectures.

Highly regenerative organisms such as salamanders may partially escape this by using
positional memory to re-engage developmental programs and rebuild tissues from scratch [151,152],
but this strategy appears to be much more limited in mammals. In tissues where dysfunction has
been consolidated across structural, compositional, and epigenetic layers, and where the effective
reference state has drifted, restoring coordination may be a major challenge. Interventions that restore
ensemble configuration across multiple encoding layers, rather than addressing damage in isolation,
may be required for robust and sustained reversal of age-related decline.

Methods

Data Acquisition and Gene Set Definition

Genome-wide in vivo CRISPR screening data for mouse hepatocytes were obtained from the
supplementary materials of Keys and Knouse [58]. Depletion and enrichment analyses were
performed using the corresponding negative- and positive-selection result tables. The background
universe was defined as the complete set of genes targeted in the assay. Significantly depleted genes
were defined as those showing a negative median log-fold change with a Benjamini-Hochberg false
discovery rate (FDR) below 0.05 in the negative-selection analysis. Significantly enriched genes were
defined as those showing a positive median log-fold change with an FDR below 0.05 in the positive-
selection analysis. Gene symbols were mapped to official NCBI Entrez Gene IDs (Taxonomy ID
10090) for Gene Ontology (GO) analyses. Where available, technical covariates were extracted from
the sgRNA count table, including the number of targeting sgRNAs per gene and the median baseline
plasmid abundance.

GO Enrichment and Gene Annotations

GO Biological Process (GO BP) enrichment was performed using goatools [153] with the GO
basic ontology and NCBI gene2go annotations. The background was restricted to genes in the
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screening universe with at least one GO BP annotation. Enrichment was tested using right-sided
Fisher’s exact tests with Benjamini-Hochberg correction, and significant terms were filtered to a
minimum GO DAG depth of 3.

Genes in the screening universe were annotated using three external domains: common
essential, liver-output, and interface/context. Common-essential genes were defined from the
DepMap CRISPRInferredCommonEssentials dataset (25Q3), mapped from human to mouse using
the Mouse Genome Informatics vertebrate homology table. The liver-output and interface/context
domains were defined a priori from selected GO BP terms and expanded through GO ancestry. For
decomposition analyses, genes were assigned to mutually exclusive categories in the following
priority order: common essential, interface/context, liver-output, and other.

Decomposition, Distribution, and Regression Analyses

Significantly depleted genes were partitioned into the four categories above to summarise the
composition of the depleted set. To assess broader shifts in depletion score, all genes in the screening
universe were assigned to one of four categories: common essential, interface/context, liver-output,
or background. To test whether predefined domains were associated with depletion after accounting
for technical detectability, logistic regression models were fitted with significant depletion as a binary
outcome. Technical covariates included sgRNA count per gene and median baseline plasmid
abundance. Predictor variables of interest were membership in the common-essential, liver-output,
and interface/context domains.

Residual and Under-Representation Analyses

To examine the non-common-essential component of negative selection, common-essential
genes were removed from both the depleted gene set and the background universe, and GO BP
enrichment analysis was repeated on the residual set. Under-representation of the pooled liver-
output set among depleted genes was assessed using one-sided Fisher’s exact tests in both the full
annotated universe and the residual universe after removal of common-essential genes.

Software

All analyses were performed in Python using pandas, numpy, scipy, statsmodels, goatools [153],
and matplotlib.
Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org.
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