The Architecture of Cell Fate Determination: The ARC Model

Abstract

Cell fate decisions in renewing tissues require coordination among chromatin modification,
organelle partitioning, and cell death machinery. This manuscript proposes the ARC
(Asymmetry—Remodeling—Commitment) model, in which DDR-associated enzymes function as
architects of the chromatin transitions that specify cell fate through write/erase chemistry at
specific genomic addresses, with partition-mediated organelle inheritance coupling the nuclear

program to the cytoplasmic outcome.

The model organizes cell fate progression into three molecular states orthogonal to the cell cycle:
Asymmetry (initiating partition that creates molecularly divergent daughters), Remodeling
(buffered chromatin changes at commitment-relevant addresses), and Commitment (irreversible
resolution through compound sequence, epigenetic, and structural changes). The same enzymatic
machinery that executes regulated cell death operates at sub-lethal intensity during terminal
differentiation, with the partition-inherited organelle configuration determining which death-
associated chemistry each daughter engages. Cancer is interpreted as a disruption of the
regulatory coordination that governs these transitions, producing cells that retain functional
execution machinery but have lost the partition-dependent programs that would direct it toward

coherent outcomes.

Computational analysis across nine TCGA cancer types, seven CPTAC proteomic cohorts,
single-cell data from hematopoietic differentiation, and a mouse cross-species atlas provides
evidence that the coordination the model describes is present in normal tissue, varies across

tissues in ways that track regenerative capacity, changes progressively along differentiation



trajectories, and dissolves selectively in cancer. Pairwise coupling between regulatory
coordination components weakens systematically in tumor tissue while structurally obligate
execution partnerships are preserved — a selective dissolution reproduced at protein level, at
single-cell resolution, and across species. Five lineage-specific failure modes are identified and
tested against representative cancers. The proposed mutagenic mechanism — that partition
failure accelerates mutation accumulation at commitment-relevant regulatory addresses through
missegregation and mislicensing of the write/erase chemistry — remains a hypothesis whose

direct experimental test has not been performed.



Part 1: Introduction

Every cell division in a renewing tissue confronts the same fundamental problem: the dividing
cell must produce daughters whose fates are appropriate for the tissue's current needs. A tissue
that needs to expand its progenitor pool requires symmetric self-renewal — two equivalent
daughters. A tissue that needs to replace a lost differentiated cell requires asymmetric division —
one self-renewing daughter and one committed daughter. A tissue that needs to eliminate a
damaged cell requires the damaged cell to die through a modality that signals the right
information to its neighbors. The mechanisms by which individual cells execute each of these
outcomes are increasingly well characterized at the molecular level. What is missing is an
account of how the mechanisms are coordinated as a system — how the cell integrates the
signals that specify the outcome, executes the molecular changes that produce it, and partitions

the products to the correct daughter.

The Landscape of Existing Models

Three research fields have addressed parts of this problem, each illuminating a critical dimension

while leaving the integrative question unanswered.

The asymmetric division field, pioneered in Drosophila neuroblasts and extended to mammalian
systems over three decades, has characterized the molecular machinery that generates unequal
daughters at mitosis: the PAR complex organizes cortical polarity, aPKC phosphorylation directs
the asymmetric localization of fate determinants — NUMB, TRIM32, MIRANDA, PROSPERO
— and their mammalian orthologs ensure that each daughter inherits a distinct complement of
regulatory proteins (Knoblich, 2010; Goénczy, 2008; Betschinger & Knoblich, 2004). What this
literature has not produced is an account of how the cortical partition coordinates with the

chromatin-level changes that specify each daughter's gene expression program. The polarity



proteins are partitioned asymmetrically, and the chromatin marks that determine lineage identity
are installed differentially — but the mechanism that couples the cortical partition to the
chromatin outcome has not been described as an integrated system. The gap is not in the parts

but in the architecture that connects them.

The cancer stem cell hypothesis, formalized by Bonnet and Dick (1997) and elaborated over two
decades, proposes that tumors are maintained by a subpopulation of cells with stem-like self-
renewal capacity. The hypothesis has generated productive research in leukemia, breast cancer,
and glioblastoma, establishing that not all cancer cells contribute equally to tumor maintenance.
But it raises a question it does not answer: what molecular mechanism gives the cancer stem cell
its stem-like properties? If the cancer stem cell is defined by its ability to self-renew and generate
heterogeneous progeny, then the mechanism that governs the self-renewal-versus-differentiation
decision in these cells is the central explanatory target. The cancer stem cell phenotype is a

description of what the cell does; the question is how it does it and what has gone wrong.

The Waddington landscape metaphor, formalized computationally by Huang et al. (2005) and by
attractor-state models of gene regulatory networks, describes cell fate as movement through an
abstract potential-energy surface whose topology determines the available stable states. The
metaphor has been productive for understanding how cells transition between discrete identity
states. But it does not specify the molecular mechanism that generates the landscape's topology
— what determines the number, depth, and arrangement of the valleys that cells settle into. The

landscape describes the space of possibilities; it does not explain what builds the space.

An Evolutionary Observation



A fourth consideration, less commonly discussed in the cell fate literature, bears on why an
integrated architectural program for fate decisions might exist at all. Since King and Wilson
(1975) demonstrated that regulatory changes rather than protein-coding changes drive
morphological divergence between species, the field has recognized that the evolution of
complex multicellular form depends on coordinated changes at cis-regulatory elements —
promoters, enhancers, and other non-coding regulatory DNA (Carroll, 2005). Yet the
mathematical constraints on such coordination are severe. The expected waiting time for two
specific mutations to arise in a population scales as 1/(N-p2), where N is effective population size
and p is the per-site mutation rate; for three coordinated changes the waiting time becomes
1/(N-p3) (Durrett & Schmidt, 2008). At human effective population sizes and mutation rates, the
waiting time for three coordinated regulatory mutations at random genomic positions exceeds the

timescale of vertebrate evolutionary history by orders of magnitude.

Recent work has begun to challenge the assumption that mutation is random with respect to
genomic position. Monroe et al. (2022) demonstrated in Arabidopsis that mutation frequency is
reduced by half inside gene bodies and by two-thirds in essential genes, with epigenomic and
physical features explaining over 90% of variance in the genome-wide mutation pattern.
Schuster-Bockler and Lehner (2012) showed that chromatin organization is a major influence on
regional mutation rates in human cancer, and Supek and Lehner (2015) identified differential
mismatch repair as one mechanism underlying this variation. Mutation rates vary over 100-fold
across the mammalian genome (Hodgkinson & Eyre-Walker, 2011), with the variation correlated

to replication timing, chromatin state, and DNA secondary structure.

An observation that has received less attention connects these findings to the chemistry of

differentiation. The two most common point mutation signatures in mammalian genomes —



C - T at methylated CpG dinucleotides and G — A at guanine-rich sequences — are precisely the
chemical outputs of TET/TDG-mediated active demethylation at CpG sites and OGG1-mediated
repair of 8-oxoguanine at G-quadruplex-forming sequences. These are not obscure or peripheral
mutation types; CpG — TpG alone accounts for approximately one-quarter of all human point
mutations (Alexandrov et al., 2013, in somatic tissue; Kong et al., 2012, in the germline) despite
CpG dinucleotides comprising roughly one percent of the genome. The chemistry that produces
the dominant mutational signatures in mammalian evolution is the same chemistry that the ARC
model identifies as the write/erase program operating during cell fate commitment. Whether this
correspondence is coincidental or reflects a deeper connection between developmental chromatin
chemistry and evolutionary mutation patterns is a question the model raises but cannot resolve

with the data presented here.

The model's central claim — that the DDR serves as developmental architect — may appear to
contradict decades of research establishing the DDR as a reactive guardian system. However, the
scientific community already accepts a major exception to this paradigm. Activation-induced
cytidine deaminase (AID), discovered by Muramatsu et al. (2000), deliberately mutates
immunoglobulin genes through targeted cytidine deamination in B lymphocytes, using base
excision repair and mismatch repair as downstream effectors of a programmed mutagenesis
event (Di Noia & Neuberger, 2007). AID-mediated somatic hypermutation is not damage — it is
licensed mutagenesis serving an essential developmental function. Vitale et al. (2017) reviewed
the broader evidence that stem cells across multiple lineages depend on specialized DNA
damage response pathways whose disruption produces developmental abnormalities. The model
proposes that AID represents a prototype for a broader principle: renewing tissues deploy DDR-

associated chemistry — oxidation, excision, repair, translesion synthesis — as regulated,



address-specific tools for fate-specifying chromatin transitions, with the specific enzymes and

genomic addresses varying by lineage.

The DDR-as-Architect Thesis

This manuscript proposes that the three gaps identified above — the coupling between cortical
partition and chromatin outcome, the mechanism of the cancer stem cell phenotype, and the
molecular generator of the fate landscape — are filled by a single integrated system. The system
coordinates DNA damage response components, polarity proteins, mitochondrial dynamics, and
cell death machinery into an architectural program that the manuscript terms the ARC

(Asymmetry—Remodeling—Commitment) model.

The central claim is that DNA damage response components are not merely guardians of genome
integrity. The model proposes that these components participate directly in executing the
chromatin transitions required for differentiation — not as a secondary or co-opted function, but
as a primary operating mode of the same enzymatic activities. This is not a metaphor. It is a
mechanistic hypothesis about specific enzymes — TET2, OGG1, NEIL1, TDG, APEX1 —
performing specific chemistry — oxidation, excision, repair — at specific genomic addresses —
G-quadruplex structures, CpG islands, bivalent promoters — during specific temporal windows
across the cell divisions that comprise the ARC cycle. In the ARC model, DDR-associated
oxidation, excision, repair, and bypass chemistry constitutes a major enzymatic layer of the
differentiation machinery, integrated with canonical transcription-factor, signaling, and polarity
systems. The partition system that distributes these products at mitosis is proposed as a cell fate

decision mechanism.

What This Model Adds



Terminology note: This manuscript uses several terms in specific technical senses that may
differ from their colloquial use. "Partition" refers to the physical asymmetric distribution of
proteins and organelles at mitosis; "marking" refers to covalent DNA and histone modifications

at specific genomic addresses.

The novel contribution of this manuscript is not the identification of new molecular components
— every gene in the model's panel has been studied extensively in isolation — but the proposal
that the components described above operate as an integrated architectural system whose
coupling patterns are computationally measurable and whose disruption in cancer follows a

predictable, testable pattern.

The ARC model proposes that these three systems are not independent but form a single
coordinated architecture — one that links nuclear marks to cytoplasmic organelle configurations

at every cell division.

These claims are testable because the coupling patterns make specific, falsifiable predictions:
which gene-pair correlations should differ across tissues, how coordination should change as
cells differentiate, what should happen at lineage branch points, and which patterns cancer

should disrupt while leaving others intact. Part 6 provides computational evidence from bulk

transcriptomic, proteomic, single-cell, and cross-species data.

Part 2 defines the model's three phases, functional categories, and their relationship to the cell
cycle. Part 3 describes the molecular implementation across five functional modules. Part 4
develops the death-as-commitment-endpoint hypothesis. Part 5 derives the cancer predictions.
Part 6 provides computational evidence that the coordination the model describes is measurable,

tissue-specific, developmentally structured, and selectively disrupted in cancer. Parts 7 and 8



discuss the implications and limitations, including what the model does not prove and what

would falsify it. Part 9 provides methods for full reproducibility.

Part 2: The ARC Model

2.1 Three Phases Defined by Molecular State

The ARC model proposes that every dividing cell progressing through a fate decision occupies
one of three molecular states — Asymmetry, Remodeling, or Commitment — and that the
transitions between these states are governed by the partition architecture described in Part 3.
The three states are defined by the cell's current molecular configuration rather than by position
in a fixed developmental sequence, which can be assessed through the coupling relationships
among the model's component genes. A cell's ARC phase determines what kind of division it
will undergo, what chromatin chemistry is active, and what range of fates is available to its

daughters (Figure 1).
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Figure 1. The ARC architecture of cell fate. Three molecular states — Asymmetry (A), Remodeling (R),
and Commitment (C) — operate orthogonally to the cell cycle to govern fate-appropriate outcomes. Top
row: ARC phases with defining features (A, initiating partition creates molecularly divergent daughters;
R, buffered chromatin changes at commitment-relevant addresses over multiple cell cycles; C, irreversible
resolution through compound sequence, epigenetic, and structural changes). Cell cycle progression
(G1-5S - G2 - M) is shown within each phase to illustrate orthogonality. Middle rows: four functional
layers — environmental/metabolic sensing, chromatin state/write-erase chemistry, regulatory
coordination/partition system, and execution machinery (death-associated) — with phase-specific roles.
Outcomes row: normal tissue produces coherent differentiation or orderly death; cancer produces
molecularly incoherent progeny through R-phase trapping with dissolved regulatory coordination and
preserved execution machinery.

2.1.1 A-phase: Asymmetry

A-phase is the initiating asymmetric division — the event in which a cell exits quiescence and
divides in a manner that creates divergent outcomes in its daughters through the differential
sorting of chromatin marks, organelles, and mRNA. A-phase is named for what defines it: the
generation of asymmetry. A cell entering A-phase has three molecular prerequisites: its partition
system is intact (the polarity proteins — NUMB, PRKCI, PRKCZ, DLG1, PARD3 — are
coupled in expression, reflecting the coordinated program that distributes them asymmetrically at

mitosis), its chromatin maintenance machinery is active (DNMT1 copies the CpG methylation



pattern onto newly synthesized strands at each replication; Hermann et al., 2004), and a niche-
derived signal has activated the cell to exit quiescence. When these conditions are met, the
partition system executes an asymmetric mitosis, and the two daughters inherit different
complements of chromatin-marked regions, organelles with different configurations (§83.2), and
differentially localized mRNAs. This differential sorting is the molecular event that initiates the
fate-decision process. The daughters differ in molecular configuration — one biased toward self-
renewal, the other toward commitment — and their ultimate fate is resolved through competition
for niche occupancy rather than being specified cell-autonomously at the moment of division.
This distinction is critical because the model must be compatible with the population-level
observation that Lgr5+ intestinal stem cell dynamics follow neutral drift arising from
morphologically symmetric divisions with stochastic niche competition (Snippert et al., 2010).
The model does not claim that these divisions are "asymmetric" in the classical Drosophila
neuroblast sense of producing morphologically unequal daughters with predetermined fates.
Multiple molecular components segregate asymmetrically at division even between daughters
that are morphologically indistinguishable: histones (Tran et al., 2012; Wooten et al., 2019),
organelles (Katajisto et al., 2015; Loeffler et al., 2019, 2022; Bunel et al., 2025), and DNA
damage marks (Wang et al., 2026). The population-level neutral dynamics observed by Snippert
and colleagues emerge from stochastic competition among daughters whose individual molecular

configurations differ (§2.3).

Direct experimental evidence for DDR-mediated asymmetric segregation determining daughter
cell fate has been provided by Wang et al. (2026), who used long-term live-cell imaging of
mouse embryonic stem cells to demonstrate that cells entering a two-cell-embryo-like state

undergo asymmetric division in which accumulated DNA damage — visualized as 53BP1 foci



— segregates preferentially to one daughter. The daughter inheriting more 53BP1 foci is
eliminated, while the daughter inheriting fewer foci reverts to pluripotency with reduced damage
and enhanced chimeric contribution (n = 54 division events, p = 0.008). Critically, inhibition of
ATM, ATR, CHEK, or PARP each reduced both the frequency of asymmetric divisions and the
degree of 53BP1 asymmetry between sisters, establishing that the DNA damage response

pathway physically implements the asymmetric segregation that creates fate divergence.

The pattern Wang and colleagues identified in mouse ESCs extends a decade-long line of
evidence from Drosophila male germline stem cells. Tran et al. (2012) showed that pre-existing
canonical H3 (but not variant H3.3) is selectively segregated to the GSC while newly
synthesized H3 is enriched in the differentiating daughter — an asymmetry that is lost when
GSCs are forced to divide symmetrically. Xie et al. (2015) identified H3 threonine-3
phosphorylation (H3T3P) as the molecular mark that distinguishes pre-existing from newly
synthesized H3, and showed that genetically disrupting this distinction (through H3T3A or
H3T3D substitutions) produces both stem cell loss and germline tumors — establishing that
asymmetric histone inheritance is causally required for normal stem cell behavior. Wooten et al.
(2019) extended the asymmetric-inheritance finding to H4 (while showing that H2A and H2B
inherit symmetrically — the asymmetry is specific to histones carrying the lineage-specifying
PTMs) and identified an underlying replication-fork mechanism: old H3 preferentially
incorporates on the leading strand while newly synthesized H3 enriches on the lagging strand,
with biased fork movement in GSC chromatin coupling strand identity to histone age. The data
across these studies are consistent with a model in which the DNA damage response and

replication machinery together organize the asymmetric inheritance that determines which



daughter survives — an interpretation the present manuscript develops mechanistically in Parts

3-5 and tests computationally in Part 6.

A-phase requires active cell division. Quiescent cells — a long-term hematopoietic stem cell in
the bone marrow niche, a satellite cell in resting muscle, a hepatocyte in homeostatic liver —
have intact partition machinery and stable chromatin but are in a pre-ARC state, poised to enter
A-phase when a niche signal activates them. A transit-amplifying cell that has already undergone
the initiating asymmetric division is in R-phase. The distinction between a quiescent stem cell
(outside ARC, poised for A-phase entry) and a transit-amplifying cell (in R-phase, actively

remodeling) is central to the model's account of tissue homeostasis.

2.1.2 R-phase: Remodeling

R-phase — the Remodeling phase — begins when a niche-derived signal initiates the write/erase
program at specific genomic addresses. The signal may be a cytokine, a cell-cell contact, a
metabolic shift in the local microenvironment, or a change in extracellular matrix composition.
The model does not specify the signal's identity because different tissues use different signals to
initiate the same architectural transition. What the model specifies is the molecular consequence:
TET2 and TET3 begin oxidizing 5-methylcytosine to 5-hydroxymethylcytosine (Tahiliani et al.,
2009; Ito et al., 2010) at bivalent promoters — promoters carrying both activating H3K4me3 and
repressive H3K27me3 marks (Bernstein et al., 2006) — that govern lineage-specific gene
expression. The BER glycosylases TDG, OGG1, and NEIL1 begin excising the oxidized bases to
complete the demethylation cycle, and the histone demethylases KDM1A (Shi et al., 2004),
KDMS5A, KDM6A, and KDM6B (Agger et al., 2007) begin removing repressive histone marks
at the same addresses. The cell's chromatin is now actively changing — it is being remodeled

from one stable configuration toward another. The critical property of R-phase is that these



changes are buffered and conditionally modifiable. If the niche signal withdraws before
sufficient irreversible changes have accumulated at commitment-relevant addresses (§83.4), the
cell can exit R-phase and return to quiescence: DNMT1 maintenance methylation at the next
replication restores the unmethylated CpGs to their prior state, the histone marks are re-
established by the writers (EZH2 for H3K27me3, Cao et al., 2002; the DNMT3 enzymes for de
novo methylation), and the cell resumes its quiescent, pre-ARC configuration as though the R-
phase episode had not occurred. R-phase is the model's account of the transit-amplifying
compartment observed in most renewing tissues (Barker et al., 2007): cells that are cycling with

active chromatin remodeling but have not yet committed to a terminal fate.

The model does not specify how many divisions a cell undergoes in R-phase, because this is
tissue-specific and depends on the balance between the write/erase program's progression rate
and the niche signal's persistence. Critically, R-phase divisions can be either asymmetric or
symmetric. Symmetric R-phase divisions expand the progenitor pool — both daughters inherit
comparable configurations and continue the write/erase program in parallel, with CLASPIN
coordinating symmetric parental-histone inheritance at the replication fork (Charlton et al.,
2024). Asymmetric R-phase divisions produce daughters with distinct configurations, one more
advanced toward commitment and one retaining an earlier state, through differential engagement
of the partition system (§3.2). The alternation between symmetric and asymmetric R-phase
divisions is governed by the niche environment and the partition system's engagement: a
progenitor in a niche that favors expansion divides symmetrically, while one in a niche that
favors differentiation divides asymmetrically. In the intestinal epithelium, R-phase may last two
to four divisions in the transit-amplifying zone. In the hematopoietic system, the multipotent

progenitor compartment may sustain R-phase cycling for weeks. In neural development, the



intermediate progenitor may divide once or twice in R-phase before committing (Gotz &
Huttner, 2005). The model is agnostic to duration because it defines states by molecular
configuration, not by time. What matters is not how long R-phase lasts but what molecular

condition defines the boundary between R-phase and C-phase.

2.1.3 C-phase: Commitment

C-phase — the Commitment phase — is the final division in which commitment becomes
irreversible. The C-phase division can produce symmetric outcomes (two daughters of the same
committed type) or asymmetric outcomes (one differentiating daughter and one dying daughter,
or two daughters of distinct committed types), depending on the tissue and the niche context. The
model proposes that irreversibility arises from the compound accumulation of permanent
changes at commitment-relevant addresses through multiple convergent mechanisms. Stable
DNA methylation patterns maintained by DNMT1, heritable histone marks propagated through
replication, and chromatin compartment transitions all contribute to durable epigenetic locking.
The resolution architecture of §3.4 describes additional pathways — spanning S-phase fork-level
events through mitotic and post-mitotic resolution — including fork-uncoupling, translesion
synthesis, mitotic DNA synthesis (MiDAS, occurring during mitosis itself), and post-mitotic
53BP1 NB-mediated resolution of transmitted intermediates — whose relative contributions to
normal commitment remain an open empirical question. The SBS1 mutational clock —
dominated by CpG - TpG transitions — accumulates in all renewing tissues proportionally to
division count, consistent with the C - T write/erase chemistry of §3.3.1. A complementary
oxidative signature (SBS18, dominated by C — A transversions at G-rich sequences — the
complement-strand readout of the G:C - T:A transversions produced by 8-0xoG bypass

described in §3.3.2) provides a distinct but related division-correlated signal. Whether these



mutations concentrate at the commitment-relevant addresses the model predicts, or are

distributed more broadly, is the key unresolved question.

These mechanisms are not independent: a single replication failure at a G4-containing
commitment address can simultaneously produce a sequence change from low-fidelity TLS, strip
epigenetic marks through fork-uncoupling from histone recycling, and generate underreplicated
DNA whose post-mitotic resolution installs structural changes (§3.4). None of the sequence-level
or structural changes can be reversed by demethylation or histone remodeling alone. Once
sufficient changes have accumulated at lineage-commitment addresses, the cell's regulatory
repertoire has been narrowed to a single coherent lineage program, and the cell's fate is

determined.

Commitment encompasses a spectrum of endpoints, of which terminal differentiation and cell
death are variations rather than separate outcomes. A neuron that has committed to its identity
lives for decades after commitment. A cardiomyocyte functions for a lifetime without re-entering
the cell cycle. An aged neutrophil undergoes programmed death. All three have completed the
ARC process — their fate is irreversibly determined. The model proposes that death and
differentiation share overlapping molecular mechanisms precisely because they are endpoints on
the same commitment axis: the partition state and the chromatin configuration at the moment of
commitment determine where on this axis the cell lands. In many lineages, the execution of the
committed fate involves the activation of death-associated proteins at sub-lethal levels —
caspase-3 for local dendrite and spine pruning (Ertiirk, Wang & Sheng, 2014), lipid peroxidation
for erythrocyte membrane remodeling (Stockwell et al., 2017), and MLKL-dependent regulation
of adipocyte differentiation (Magusto et al., 2022). These are not aberrant activations of death

machinery during differentiation; they are the same molecular process operating at different



intensities along the commitment spectrum. Part 4 develops this death-differentiation continuum

in detail.

2.1.4 Phase Transitions and Cancer Interpretation

The transition architecture of the three phases has a strict directionality under normal conditions.
Entry from quiescence into A-phase is initiated by niche signal, and the A-phase division
generates daughters that enter R-phase. R-phase chromatin remodeling is conditionally
modifiable while insufficient irreversible changes have accumulated — if the niche signal
withdraws, DNMT1 restores methylation at the next replication, histone writers re-establish
repressive marks, and the few sequence changes or 53BP1 NB-resolved addresses produced in
early R-phase cycles are insufficient to lock the configuration. The cell divisions themselves
cannot be undone, but the chromatin state can be restored to a pre-remodeling configuration. R-
to-C is gated by the resolution architecture of §3.4 and is irreversible once a sufficient number of
lineage-relevant regulatory addresses have accumulated convergent irreversible changes —
sequence, epigenetic, and structural. There is no C-to-R or post-commitment reversal in normal
tissue homeostasis. Wound healing and injury responses can engage dedifferentiation programs
in specific tissues — notably hepatocyte dedifferentiation after liver injury and intestinal cell
plasticity when crypt stem cells are depleted — but these are damage-triggered exceptions to
homeostatic turnover rather than features of it. The forced reversal of C-phase back to an R-
phase-like state — the essential feat of Yamanaka-factor reprogramming — is consistent with
this architecture: reprogramming requires reversing compound irreversible changes (sequence,
epigenetic, and structural) at commitment-relevant addresses, not merely reversing methylation
state alone, and the low efficiency of reprogramming (~0.1-1% of transduced cells; Takahashi &

Yamanaka, 2006) is consistent with the difficulty of reversing three independent classes of



irreversible change simultaneously. The model predicts that reprogramming efficiency should
correlate with the total burden of irreversible changes at commitment-relevant addresses, and
that tissues with fewer such changes (less terminally differentiated cells) should reprogram more
efficiently — a prediction consistent with the observation that progenitor cells reprogram more

readily than terminally differentiated cells (Eminli et al., 2009).

Cancer, in this model, is interpreted as a disruption of the R-to-C transition that can arise through
diverse molecular routes (Part 5). One architectural consequence is an R-phase-trapped state: the
write/erase program is active, the chromatin is being remodeled, but the resolution architecture at
commitment-relevant addresses is disrupted — TLS operates without helicase-mediated fidelity,
53BP1 NB-gated post-mitotic resolution is abnormal, and the quality-control mechanisms that
would normally eliminate incoherent daughters are not engaged. The cell cycles indefinitely in
R-phase, producing daughters with actively remodeling chromatin that never resolves into a
stable committed state. The partition system, which in normal tissue would coordinate the
distribution of remodeling products between daughters to produce coherent outcomes (one more
committed, one less committed, or both equivalently advanced), has been disrupted (Part 5).
Both daughters receive incoherent combinations of partially remodeled marks and partially
redistributed organelles, and neither daughter can complete commitment or exit the remodeling
process. This is one cancer stem cell phenotype the model predicts: not a special cell type with
intrinsic stemness properties, but a cell trapped in R-phase by architectural disruption, cycling
with active chromatin remodeling that produces neither clean commitment nor coherent self-
renewal. Other failure-mode configurations — progenitor lock-in, TF-target bifurcation, lineage-

specific decoupling, and quiescent evasion — produce phenotypically distinct lesions through



the same underlying partition failure operating along different architectural axes, and are

developed in §5.4.

2.2 Functional Categories of Model Components

The model's approximately fifty molecular components are organized into functional categories
that reflect their position in the causal chain from environmental signal to physical cellular
outcome. The functional classification is not merely a classification convenience; it generates
specific predictions about which molecular relationships should be robust and which should be

vulnerable to disruption, predictions that the computational evidence in Part 6 directly tests.

The environmental and metabolic inputs include the niche-derived signals (cytokines, Wnt
ligands, Notch ligands, extracellular matrix composition), the metabolic parameters that gate
chromatin chemistry (a-ketoglutarate availability for TET and Jumonji enzymes, NAD+ for
sirtuin-mediated deacetylation, iron-sulfur cluster assembly for the Fe-S-dependent enzymes
(Maio & Rouault, 2015) of the write/erase matrix), and the physicochemical parameters that
affect DNA secondary structure (intracellular pH for i-motif stability (Zeraati et al., 2018), redox
state for G-quadruplex oxidation sensitivity). These determine which chromatin addresses are
accessible to modification and whether the enzymatic machinery has the cofactors required to

operate.

The chromatin state itself (reviewed in Allis & Jenuwein, 2016) comprises DNA methylation at
CpG dinucleotides, the oxidized intermediates of active demethylation (5hmC, 5fC, 5caC),
histone modifications at specific residues (H3K4me1/2/3, H3K27me3, H3K9me3,

H4K20me1/2/3), and the non-B DNA secondary structures (G-quadruplexes and i-motifs at



specific regulatory regions) together define the cell's epigenetic configuration. This is the

information layer: it encodes the cell's identity and its current position in the A-R-C trajectory.

The regulatory coordination components include several sub-networks. The polarity proteins —
exemplified by NUMB, PRKCI, PRKCZ, DLG1, PARD3, and SCRIB (reviewed in Knoblich,
2010; Gonczy, 2008) — govern the cortical asymmetry that directs fate-determinant segregation.
The BER coordination network couples TET2 to TDG, OGG1 to MUTYH, and NEIL1 to
XRCC1 (Beard et al., 2019). The write/erase coupling pairs DNMT1 with TET2 and EZH2 with
KDMG6A (Tahiliani et al., 2009; Cao et al., 2002). CDKS6, beyond its canonical role in RB1
phosphorylation (Malumbres & Barbacid, 2009), has established kinase-independent
transcriptional functions — it participates in transcription complexes at target promoters
independently of its catalytic activity (Kollmann et al., 2013). This dual function places CDK6's
regulatory relationships in a different functional category from the structural kinase-substrate
coupling of CDK4 with cyclin D1. Several regulatory coordination members — TET2, EZH2,
KDM6A — are themselves chromatin-modifying enzymes. Their classification reflects not the
absence of catalytic activity but the regulatory coordination relationships between them that
determine where and when that catalytic activity is deployed. This layer determines how the
available chromatin-modifying activities are coordinated across genomic addresses and how their

products are partitioned between daughters at mitosis.

The fork-protection complex (CLSPN with PCNA, ATR, CHEK1, PARP1), the Fanconi anemia
ID complex (FANCI with FANCD?2), the mitotic kinase partnership (PLK1 with AURKA; Lens,
Voest & Medema, 2010), and the CDK4-cyclin D1 structural coupling (CDK4 with CCND1) are
execution components. FANCD2 x BRCAL1 is classified as regulatory coordination rather than

execution because both proteins have extensive partner-independent functions and their



interaction is damage-induced rather than constitutive. BLM X WRN are excluded from the class
analysis as paralogous helicases with non-overlapping substrate specificities and no
demonstrated direct heterodimeric complex. These are structurally obligate partnerships — the
proteins form physical complexes or act in obligate sequence at the replication fork (Cimprich &
Cortez, 2008 for ATR-CHEKI1 fork protection; Ceccaldi et al., 2016 for FANCI-FANCD2
ubiquitination) or in mitosis — and their co-regulation reflects this structural necessity rather
than any regulatory program. These carry out the physical work of DNA replication, repair, and

chromosome segregation regardless of the cell's ARC phase.

The functional assignments are made entirely on mechanistic grounds — whether the
relationship between two gene products reflects a regulatory program or a structural obligation
— without reference to any correlation data from cancer or normal tissue. The criteria for
distinguishing regulatory from execution partnerships (the C1-C5 framework evaluated in §6.2
and scored in Table S3) are derived from established molecular biology — physical binding
evidence, compartment co-localization, partner-independent functions — and can be
independently verified by any reviewer. The prediction that cancer should selectively disrupt
regulatory coordination while preserving execution follows from the model's architecture and is
tested in Part 6. The four criteria that operationalize this prediction are stated in §5.5 and
evaluated systematically in §6.2—6.3; readers seeking the empirical result before the full
mechanism is developed may consult those sections. The conceptual structure presented here is
independent of that empirical evaluation. Because pair classification and the correlation analyses
were developed iteratively during the model's construction, the class-separation result should be
treated as internally validated rather than prospectively blinded. The independent external-pair

replication and the C1-C5 criteria's verifiability by any reviewer partially address this limitation.



2.3 Orthogonality with the Cell Cycle

A distinction that is essential for interpreting all of the model's predictions concerns the
relationship between ARC phases and cell cycle phases. The two classification systems are
orthogonal: a cell's position in the cell cycle (G1, S, G2, M) is independent of its ARC phase (A,
R, C). A cell in S-phase can be in ARC-A (preparing for the asymmetric division that will
initiate fate divergence), ARC-R (replicating while the write/erase program remodels its
chromatin at commitment-relevant addresses), or ARC-C (undergoing its final replication before
terminal commitment). The cell's ARC phase is determined by its chromatin configuration and
partition status, not by where its replication machinery stands. Cell cycle markers — PCNA,
MKI67, the cyclins, the CDKs — are shared infrastructure used by all three ARC phases. A cell
that is MKI67-positive may be in any ARC phase; a cell that is MKI67-negative is either
quiescent (outside ARC entirely) or terminally committed (post-C-phase, also outside ARC). The
ARC model applies exclusively to dividing cells that are progressing through the fate-decision
process. The terms A-phase, R-phase, and C-phase refer to architecture-defined states of this

process, not to temporal subphases of a single cell cycle.

2.4 Walkthrough: Two Tissues

The three phases can be illustrated through two well-characterized systems that use different

molecular gates for the same architectural transitions.

In the hematopoietic hierarchy, the long-term HSC resides quiescent in the endosteal niche with
its partition system intact and its lineage-commitment promoters bivalently marked (Bernstein et
al., 2006; Orkin & Zon, 2008). Niche-derived signals activate it into A-phase, where NUMB-
aPKC polarization (Smith et al., 2007) produces an asymmetric division. The commitment-

biased daughter enters R-phase, where TET2 oxidizes 5-methylcytosine at lineage promoters and



KDMG6A removes repressive H3K27me3 — the multipotent progenitor compartment. If niche
signals withdraw before irreversible changes accumulate, DNMT1 maintenance and histone
writers can restore the pre-commitment state. The R-to-C transition occurs when the resolution
architecture (83.4) produces compound irreversible changes at sufficient commitment-relevant
addresses. The endpoint — erythrocyte, neutrophil, monocyte, B lymphocyte — depends on
which regulatory addresses were remodeled during R-phase, which depends on which niche
signals and transcription factors were active. Terminal differentiation and programmed cell death
are both C-phase outcomes on the same commitment axis. The model predicts that this trajectory
should be visible as a progressive, selective change in coordination profiles — a prediction tested

with single-cell resolution in §6.7.

In the intestinal epithelium, the same architecture uses a different gate. The Lgr5-positive crypt
stem cell is maintained in a self-renewing state by Wnt ligands from adjacent Paneth cells (Sato
et al., 2011). APC — functioning both as a Wnt pathway regulator and as a spindle-orientation
hub (Quyn et al., 2010) — executes the A-phase division, positioning daughters at different
positions along the crypt-villus axis where they encounter different niche signals. The
hematopoietic R-phase gate is metabolic (a-ketoglutarate availability for TET enzymes); the
intestinal R-phase gate is positional (APC-dependent crypt-villus placement). The architecture is
the same — quiescence -~ A — R - C — but the molecular components that implement each
gate differ between tissues. This tissue specificity is developed in Part 5, where APC loss is

interpreted as the canonical partition-failure mutation in colorectal cancer.



Part 3: Molecular Implementation

The molecular implementation described in this Part uses specific, well-characterized proteins as
exemplars of broader functional categories. NUMB is the exemplar cortical fate determinant
because it has the most extensive published validation — direct Notch inhibition, p53
stabilization through Mdm?2 binding, and a defined molecular chain linking cortical polarity to
mitochondrial dynamics through MFN1-PKCC. The model's claims are about the functional
categories, not the specific proteins. In tissues where NUMB is not the primary cortical fate
determinant, the model predicts that another member of the same category serves the equivalent
role. The established biochemical function, model-specific interpretation, and per-gene

falsification test for every protein in the panel are detailed in Supplementary Table S1.

3.1 Upstream Signal Integration: From Niche to Genomic Address

The ARC model requires that niche-derived signals be converted into address-specific chromatin
modifications at defined genomic loci. The niche signal — a cytokine, a cell-cell contact, a
change in extracellular matrix composition, or a metabolic shift — must ultimately result in the
activation of specific enzymes at specific promoters. The mechanism by which this conversion
occurs operates through three physical parameters that link the extracellular environment to

intracellular DNA chemistry: pH, redox state, and metal ion availability.

Intracellular pH governs the stability of non-B DNA secondary structures at regulatory regions.
[-motif structures — tetrahelical DNA structures formed by C-rich sequences at promoter
regions whose physiological existence has been demonstrated (Zeraati et al., 2018) and whose
thermal stability is modification-dependent (Wright et al., 2020; Gehring et al., 1993) — are one
example of pH-responsive genome regulatory elements. The model treats i-motif chemistry as a

possible structural element of commitment irreversibility at specific promoters (§3.4) while



identifying the primary commitment mechanism as the resolution architecture at replication-

problematic addresses.

The cellular redox state governs the chemistry of the write/erase program through multiple
mechanisms. The TET enzymes that oxidize 5-methylcytosine require molecular oxygen and a-
ketoglutarate (Iyer et al., 2009), both of which are sensitive to the cell's metabolic state. The iron
center in TET2 cycles between Fe?* (active) and Fe3* (inactive) depending on cellular reducing
capacity, and the cofactor ascorbate (vitamin C) directly enhances TET activity by maintaining
the iron center in its reduced active state (Blaschke et al., 2013). The OGG1 glycosylase that
excises 8-oxoguanine from G-quadruplex structures is itself redox-sensitive, with a critical
cysteine residue whose oxidation state modulates substrate binding. The niche's oxygen tension,
the mitochondrial electron transport chain's contribution to cytoplasmic redox buffering, and the
availability of reducing equivalents (NADPH, glutathione) all feed into the redox parameter that
governs which write/erase reactions can proceed. A stem cell in a hypoxic niche (the endosteal
bone marrow niche, the intestinal crypt base) has a different redox environment from a transit-
amplifying cell that has migrated away from the niche, and the redox difference directly affects

which chromatin-modifying reactions are thermodynamically and kinetically accessible.

Metal ion availability — particularly iron, zinc, and magnesium — gates the enzymatic
machinery of the write/erase program at the cofactor level. The iron-sulfur clusters required by
the FANCI helicase, the RTEL1 helicase (White, 2009), and the DNA glycosylase NTHL1
(Aspinwall et al., 1997) must be assembled by the mitochondrial iron-sulfur cluster biogenesis
pathway (ISCU, NFS1, LYRM4) before these enzymes can function. Tissue-specific differences
in iron-sulfur cluster assembly gene expression are consistent with the tissue-specific temporal

strategies described in §5.4. The model treats metal ion availability as an environmental gating



parameter: if the cofactor is not present, the enzyme cannot function, regardless of how strongly

the regulatory coordination program is calling for its activity.

The three parameters — pH, redox, metal ions — converge at the DNA to determine which
addresses are accessible to modification and which enzymes are competent to modify them. The
niche signal does not specify "activate gene X" through a transcription-factor cascade. Instead, it
alters the physical and chemical environment in which the write/erase program operates, and the
program's output — which addresses are modified, in which direction, to what extent — is
determined by the interaction between the environmental parameters and the sequence-dependent
structural properties of each genomic address. In this framework, the same set of enzymes,
operating in different niche contexts, produces different lineage outcomes: the enzymes are the
same, but the addresses they can reach and the chemistry they can perform depend on the
environment. The fidelity-control architecture developed in §3.4 — in which the model proposes
that RecQ-family helicases provide a proofreading function at TLS bypass events — influences
whether the chemistry installs permanent sequence change at any given address or restores the

original base (Figure 2).



Flgure 2. Molecular Implementation of ARC: Niche Gating, Dual Partition, and the Write/Erase Matrix
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Figure 2. Molecular implementation of ARC: niche gating, dual partition, and the write/erase matrix.
Niche-derived physicochemical signals specify address-level chromatin chemistry, while coupled
partition systems deliver matched nuclear and organelle states to each daughter. (A) Upstream signal
integration. Niche inputs (cytokines, cell-cell contact, extracellular matrix, metabolic shift) act through
physicochemical gating modules — intracellular pH governing i-motif DNA stability (Zeraati et al.,
2018), redox state governing G-quadruplex oxidation sensitivity (Perillo et al., 2008), and metal
ion/cofactor availability governing Fe-S-dependent enzyme competence (Maio & Rouault, 2015) — to
determine which genomic addresses (CpG, G4/8-0x0G, CTCF boundaries) are accessible to modification.
(B) The dual partition principle. Cortical polarity proteins are organized into commitment-associated
(NUMB, PRKCI, PARD3, DLG1) and self-renewal-associated (PRKCZ, SCRIB, NUMBL) networks
(83.2.1). The MFN1-PKC( molecular chain (Wu et al., 2019) connects cortical polarity to mitochondrial
outer-membrane fusion, which is prerequisite for OPA1-mediated inner-membrane fusion and cristae
junction tightening. The commitment-biased daughter inherits NUMB (Notch suppressed, p53 stabilized)
with tightly cristae'd mitochondria; the self-renewal-biased daughter inherits the reciprocal configuration.
FIS1, which the model predicts opposes OPA1-mediated cristae junction tightening (83.2.2), is shown on
the outer mitochondrial membrane where it resides constitutively. (C) The write/erase matrix. Four
address-modification subsystems operate during R-phase: (1) C - T subsystem at CpG addresses (5mC
deamination, TDG/MBD4/UNG erasure; §3.3.1); (2) G — A subsystem at G4 addresses (KDM1A/LSD1-
generated ROS, OGG1/APEX1 erasure; §3.3.2); (3) TET ladder/insulator arm

(5mC - 5hmC - 5fC - 5caC oxidation, CTCF/cohesin boundary installation; §3.3.4); (4) AT
arm/enhancer licensing (TOP2B deliberate breaks, EP300/CREBBP-mediated H3K27ac; §3.3.6). (D)
Three-arm convergence. Commitment is coherent only when promoter remodeling (GC arm), enhancer
licensing (AT arm), and insulator boundary installation (CTCF-cohesin arm) converge simultaneously at
lineage-specifying genes (83.3.7). If any arm is incomplete, remodeling remains partial or incoherent.



3.2 The Two Partition Systems: How Marks Are Co-Segregated with Organelles

The upstream signal (83.1) directs where to mark. The write/erase matrix (§3.3) constrains each
mark's outcome. But neither is sufficient to produce divergent fates unless the marked chromatin
is delivered to the correct daughter together with the appropriate enzymatic machinery to process
it. Mitochondria with different ages and cristae configurations are asymmetrically inherited at
division (Katajisto et al., 2015), and this asymmetry causally determines daughter cell fate
(Dohla et al., 2022; Bunel et al., 2025). A daughter receiving commitment-marked chromatin but
stem-configured organelles (fused mitochondria, tight cristae, retained IMS proteins) would have
the wrong enzymes for its chromatin state. A daughter receiving stem-marked chromatin but
commitment-configured organelles would face the same incoherence. The biological problem is
co-segregation: the cell must ensure that its nuclear program and its cytoplasmic program are

matched in each daughter.

The model proposes that this co-segregation is achieved by two coupled partition systems — one
at the cell cortex (the NUMB/aPKC/PAR system reviewed in Knoblich, 2010) and one at the
inner mitochondrial membrane (the OPA1/MFN/DNM1L (DRP1) system whose asymmetric
inheritance was demonstrated by Katajisto et al., 2015, and whose fate-determining function was
shown by Déhla et al., 2022) — that are connected through a molecular chain linking outer

membrane dynamics to inner membrane architecture.

3.2.1 The Commitment Polarity Network

At the cell cortex, asymmetric partition is organized by a distributed network of polarity proteins
rather than by a single fate determinant. Classical studies in Drosophila neuroblasts identified the
CDC42-PAR6-aPKC complex as the primary organizer of cortical asymmetry, with aPKC

phosphorylation excluding fate determinants — NUMB, MIRANDA, PROSPERO, BRAT —



from the aPKC-enriched cortex (Knoblich, 2010; Gonczy, 2008; Betschinger & Knoblich, 2004).

In mammalian cells, the orthologous machinery is elaborated into a larger network.

The model identifies at least ten commitment-associated proteins (including PRKCI, DLG1,
NUMB, and PARD3, among others) and at least five self-renewal-associated proteins (including
SCRIB, PRKCZ, and NUMBL, among others) based on their correlation profiles with the
model's molecular axes. Several features of this network are notable. The two aPKC isoforms
have opposite model alignments — PRKCZ is self-renewal-associated while PRKCI is
commitment-associated — suggesting that the aPKC isoform ratio may itself function as a
partition readout. The two NUMB paralogs similarly split: NUMB is commitment-associated

while NUMBL is self-renewal-associated.

NUMB is presented as the exemplar partition protein because it has the most extensive published
validation: direct Notch inhibition, p53 stabilization through Mdm?2 binding (Colaluca et al.,
2008), and a defined molecular chain linking mitochondrial dynamics to cortical fate determinant
segregation through MFN1-PKC( (Wu et al., 2019). But the partition function is distributed
across the network. Loss of any single member may be partially compensated by others — a
design feature that makes the system robust to individual gene loss but vulnerable to network-

level disruption — a vulnerability whose consequences the model develops in Part 5.

NUMB's dual molecular function is central to the model's account of how a single partition event
can specify multiple fate dimensions simultaneously. Through its PTB domain, NUMB binds the
Notch intracellular domain and promotes its ubiquitin-dependent degradation, suppressing
Notch-mediated transcriptional programs in the daughter that inherits NUMB. The molecular

mechanism — NUMB promoting Notch1 receptor ubiquitination and degradation of the



intracellular domain — was established in mammalian cells by McGill & McGlade (2003); the
broader cell-fate-determinant context is reviewed in Knoblich (2010). Through a separate
interaction surface, NUMB binds Mdm2 and prevents Mdm?2-mediated ubiquitination and
degradation of p53, thereby stabilizing p53 in the same daughter (Colaluca et al., 2008). The
consequence is that asymmetric partition of a single protein — NUMB — simultaneously
specifies the Notch axis and the p53 axis for both daughters: the NUMB-inheriting daughter has
suppressed Notch and stabilized p53 (a commitment-compatible configuration), while the
NUMB-depleted daughter has active Notch and lower p53 activity (a self-renewal-compatible
configuration). The model's claim is that this multifunctionality is not a coincidence but a design
principle. The partition system uses multifunctional proteins precisely because partitioning one
molecule specifies multiple fate dimensions at once, producing the coherent daughter-cell

identities that single-axis models cannot explain.

The model interprets the aPKC isoform switch as providing a mechanistic basis for directional
control within the partition system. Atypical protein kinase C (aPKC) phosphorylates
mammalian NUMB at conserved sites within its PTB domain, and this phosphorylation regulates
NUMB's polarized membrane localization and asymmetric segregation at mitosis (Smith et al.,
2007). The model's correlation analysis reveals that the two atypical PKC isoforms — PRKCZ
and PRKCI — have opposite alignments with the maintenance-commitment axis: PRKCZ is
self-renewal-associated (co-expressed with the genome-maintenance enzyme battery) while
PRKCI is commitment-associated (co-expressed with the mark-installation arms). The model's
prediction, building on the established aPKC-NUMB phosphorylation mechanism, is that the
isoform ratio functions as a molecular switch: in a cell where PRKCZ activity predominates,

NUMB is phosphorylated into a maintenance-compatible configuration (cytoplasmic, non-



polarized, distributed equally to both daughters at mitosis). In a cell where PRKCI activity
predominates, NUMB is phosphorylated into a commitment-compatible configuration (cortical,
polarized, asymmetrically distributed). The A-to-R transition described in Part 2 corresponds, at
the molecular level within the partition system, to a shift in the PRKCZ-to-PRKCI activity ratio.
The computational evidence in Part 6 tests this interpretation directly: if the aPKC isoform
switch is real, then NUMB x PRKCZ and NUMB x PRKCI should show different coupling
behaviors, and cancer — which disrupts the partition system — should differentially affect the

two relationships.

3.2.2 OPA1 and the Dual Partition Principle

At the inner mitochondrial membrane, a second partition operates through cristae junction
control. OPA1, a dynamin-related GTPase, oligomerizes at cristae junctions to control their
width (Delettre et al., 2000; Frezza et al., 2006). When OPA1 oligomers are intact, cristae
junctions are tight, trapping intermembrane space proteins within the cristae lumen and
supporting efficient respiratory chain supercomplex assembly (Cogliati et al., 2013). When
OPA1 oligomers disassemble, cristae contents become accessible for release through BAX/BAK
pores in the outer membrane, and respiratory efficiency declines. The OPA1 partition therefore
controls two things simultaneously: which IMS proteins are available to each daughter, and what
metabolic capacity each daughter's mitochondria possess. Critically, this inner-membrane gate
operates independently of BAX/BAK pore formation at the outer membrane — Yamaguchi et al.
(2008) showed that BAX activation and MOMP can proceed while cytochrome ¢ remains
trapped within OPA1-protected cristae, establishing that the two membrane events are separable.

IMS proteins differ in size and complex state, so cristae junction width determines which



proteins are released and which are retained, creating combinatorial differences between

daughters depending on OPA1 status (Scorrano & Korsmeyer, 2003; Barbot et al., 2015).

The two partition systems — cortical polarity and cristae architecture — are connected through a
single molecular chain. The cortical polarity network that distributes NUMB asymmetrically at
mitosis simultaneously regulates mitochondrial outer-membrane fusion through MFN1 (Wu et
al., 2019). MFN1-mediated outer-membrane fusion is the prerequisite for OPA1-mediated inner-
membrane fusion, which tightens cristae junctions. The chain runs from cortical polarity through
outer-membrane fusion to inner-membrane cristae state, producing what the model terms the
dual partition principle: nuclear chromatin marks and cytoplasmic organelle configurations are
co-partitioned at mitosis as a single coordinated event, not as two independent sorting processes.
The daughter that receives commitment-marked chromatin also receives tightly cristae'd
mitochondria with retained IMS proteins and high oxidative capacity. Cancer, which disrupts
cortical polarity, is predicted to produce both chromatin incoherence and metabolic incoherence

simultaneously.

Katajisto et al. (2015) demonstrated that old and young mitochondria are asymmetrically
apportioned between stem cell daughters, with the daughter fated for differentiation
preferentially receiving old mitochondria. Dohla et al. (2022) provided functional evidence that
this asymmetry is causally upstream of fate divergence: through a RISP-dependent mechanism,
the age of inherited mitochondria directly determines daughter cell fate. These findings are
consistent with the co-partition principle — the asymmetric apportionment of mitochondria with
different cristae architectures is the cytoplasmic half of the same partition that distributes
chromatin marks. A distinction critical to the model separates cristae junction remodeling from

organelle fission: FIS1 is constitutively anchored on the outer mitochondrial membrane and



recruits DRP1 for fission; the model predicts that FIS1 also opposes OPA 1-mediated cristae
junction tightening, making IMS proteins accessible, while DNM1L (DRP1) mediates physical
organelle division without altering cristae architecture (Smirnova et al., 2001). The model
predicts that FIS1 and DRP1 should show opposite relationships with the commitment axis,

tested in Part 6.

3.3 The Write/Erase Matrix: How Each Mark Determines Available Outcomes

Three chemical subsystems modify DNA at regulatory addresses during R-phase: the C - T
pathway, the G — A pathway, and the TET ladder. Two additional subsystems — the AT arm and

the insulator arm — coordinate these modifications across the three-dimensional genome.

Before describing the matrix's three subsystems, a conceptual reframing is necessary. The
chemistry described below involves deliberate oxidation, excision, and base replacement at
specific genomic addresses — events conventionally classified as DNA damage. The model does
not dispute the chemistry. It disputes the classification. The field already accepts that TET-
mediated active demethylation — oxidation of 5-methylcytosine followed by TDG-mediated
excision and base excision repair — is a deliberate, programmed process essential for
development (Tahiliani et al., 2009; He et al., 2011; reviewed in Kohli & Zhang, 2013). This
process deliberately creates abasic sites, single-strand breaks, and base-excision intermediates
that, in any other context, would constitute damage. The distinction between damage and signal
is not the chemistry but the context: whether the modification occurs at a random position or at a
specific address within a regulated program. The endogenous rate of DNA lesion generation —
approximately 40,000 per cell per day (Lindahl, 1993) — is conventionally attributed to
unavoidable chemical decay, but a substantial fraction may represent the normal operation of the

write/erase program in cells undergoing chromatin remodeling.



With the upstream signal (§3.1) directing where marks are installed and the partition systems
(83.2) delivering the marked chromatin to each daughter, the question becomes: once a mark is
installed at a particular address, what happens next? In conventional models, the answer is
treated as the output of a regulatory computation — transcription factors arrive, signaling
cascades fire, and a context-dependent decision emerges. The model offers a more constrained
answer. Each modification has a defined enzymatic clientele, a defined temporal window in
which that clientele can act, and a defined fate when the window closes. The combination of
mark identity, available enzymes, and remaining time before S-phase determines the outcome at
every modified address. The model proposes that, given the inputs, the outputs are strongly

constrained — not random, and not requiring additional regulatory computation to resolve.

Three subsystems are described below of the matrix that have been characterized in sufficient
mechanistic detail to make specific predictions. Each subsystem has a writing reaction, an
erasure pathway, a temporal constraint imposed by replication, a competition that biases the
outcome, and a strand-specific consequence for what each daughter inherits. Other subsystems
certainly exist; these three are presented because their participants and constraints are established
well enough that the matrix's behavior at G4-containing and CpG-containing addresses can be
tracked. Their integration into a single input-determined system is the central mechanistic claim

of this manuscript.

3.3.1 The C - T Subsystem: Stemness Marking on the Template Strand

The cytosine subsystem is the most chemically simple. Hydrolytic deamination of 5-
methylcytosine to thymine is a constitutive reaction that proceeds at approximately one hundred
to five hundred events per cell per day across the genome, driven by water and temperature

(Lindahl & Nyberg, 1974) rather than by any enzyme. The cell cannot regulate the deamination



rate directly; it can only modulate the substrate pool through the maintenance methyltransferase
DNMTT1 (Li et al., 1992) and the de novo methyltransferases DNMT3A and DNMT3B (Okano et
al., 1999). More methylation produces more 5-methylcytosine, which produces more
deamination, which produces more C - T transitions on the template strand at methylated CpG
sites. Because methylation in mammalian genomes is concentrated at regulatory elements —
promoters, enhancers, CpG islands (Deaton & Bird, 2011) — the deamination events are
similarly concentrated at addresses that control transcription factor access, not distributed at

random.

Erasure runs through thymine DNA glycosylase (TDG). At a G:T mismatch generated by
deamination at a methylated CpG, TDG recognizes the unpaired thymine, excises it through a
base-flipping mechanism (Maiti & Drohat, 2011) that distinguishes the mismatch from the
surrounding Watson-Crick base pairs, and initiates the base excision repair pathway that restores
the original cytosine. The methyl-CpG-binding domain protein MBD4 provides a redundant
recognition pathway at methylated sites, while uracil DNA glycosylase (UNG) handles the
analogous chemistry at unmethylated sites (Krokan & Bjgras, 2013) where C — U deamination
has occurred. Together, these enzymes form a layered system that, when fully resourced, can

keep up with the constitutive deamination rate.

The temporal constraint on this erasure is stringent. TDG is degraded via ubiquitination during
S-phase (Hardeland et al., 2007), creating a narrow window in which the G:T mismatch can be
recognized and repaired. Once replication generates a daughter strand carrying adenine opposite
the deamination-derived thymine, the resulting T:A pair is a normal Watson-Crick base pair,
indistinguishable from the millions of T:A pairs that occur naturally in the genome. No

glycosylase can recognize it as damage. The biological significance of TDG-mediated active



demethylation is underscored by its embryonic lethality: TDG knockout mice die at E12.5 with
defective gene regulation at developmental promoters (Cortellino et al., 2011), establishing TDG
as essential for active demethylation during lineage commitment. The model emphasizes that the
S-phase degradation window is not merely a passive enzymatic deadline — the cell's capacity to
delay or forgo repair of a recognized lesion is itself a regulatory decision, and the decision not to
repair at a specific address is what converts a reversible chemical modification into a permanent

sequence change.

The competition that gives the C — T subsystem its directional consequence arises from TDG's
dual role. The same enzyme that excises thymine from G:T mismatches also excises 5-
formylcytosine and 5-carboxylcytosine produced by TET-mediated active demethylation (Ito et
al., 2011) and excises both modified bases through the same base-excision repair mechanism (He
et al., 2011). These substrates draw on the same active site. When TET activity is high — during
active demethylation at lineage-specifying loci, driven by a-ketoglutarate availability from the
metabolic environment — TDG is diverted toward 5fC and 5caC excision, leaving reduced
capacity for G:T repair at the same regulatory regions where deamination is concentrated. The
unrepaired thymine persists into S-phase and becomes permanent. This produces a
counterintuitive feedback: precisely those signals that drive lineage-specifying demethylation
also accelerate the accumulation of irreversible C - T transitions at the same addresses. The cell

pays a deamination tax for each round of active demethylation it performs.

The result, traced across A and R phases, is strand-specific and directional. The deamination
event occurs on the template strand, where the original 5-methylcytosine resided. After
replication, the chromatid built from the deaminated template strand carries a T:A pair where a

G:5mC pair had been — a permanent sequence change — and the loss of the CpG context means



DNMT1 cannot re-establish methylation at that position. The chromatid built from the
complementary strand retains the original G:C sequence and the intact CpG context for normal
maintenance methylation (the hemimethylated CpG recognition mechanism: Song et al., 2012).
The two daughters thus differ at every successfully escaped deamination event: one has lost a
methylation mark and gained a permanent sequence change; the other has lost the methylation
mark and retained the original sequence on a new, unmodified strand. The accumulation of these
events biases the daughter inheriting the template-rich chromatid toward a chromatin
configuration progressively enriched in stemness-associated changes, while its sister begins each
cycle with a more open, unmodified configuration. This is the molecular substrate of the

asymmetric inheritance that A-phase divisions produce.

3.3.2 The G - A Subsystem: Commitment Marking at G-Quadruplex Addresses

The guanine subsystem is more spatially constrained. While cytosine deamination occurs
throughout the genome, oxidative modification of guanine is concentrated at specific locations
(Cadet & Wagner, 2013). The lysine-specific demethylase LSD1/KDM1A generates hydrogen
peroxide as a byproduct of histone H3K9 demethylation, and the local hydrogen peroxide
oxidizes nearby guanines to 8-oxoguanine. Perillo et al. (2008) demonstrated this sequence at
estrogen-responsive promoters in breast cancer cells. Estrogen receptor-directed activation of
LSD1 produces hydrogen peroxide at hormone-responsive promoters, the resulting 8-oxoG
recruits 8-oxoguanine glycosylase (OGG1), and the entire sequence — receptor binding, LSD1
activation, local H,0,, 8-0x0G, OGG1 recruitment, abasic site processing — is required for

transcription of the target genes. The oxidative event is the signal, not noise.

The spatial concentration arises because G-quadruplex structures, formed by guanine-rich

sequences capable of folding into stacked guanine tetrads, are preferential substrates for both



reactive oxygen species and for the demethylases that generate them. G-quadruplexes are
enriched at gene promoters, telomeres, immunoglobulin switch regions (Huppert &
Balasubramanian, 2005), and other regulatory elements. The same guanine-rich sequences that
fold into G4 structures are oxidized first when local hydrogen peroxide is produced. The
combination — the writing enzyme (LSD1) and the structural substrate (G4) co-localized at
regulatory addresses — concentrates the G — A subsystem at the loci that matter for

transcriptional regulation.

Erasure follows the base excision repair pathway. OGG1 excises 8-0xoG and generates an abasic
site. Apurinic/apyrimidinic endonuclease 1 (APE1/Ref-1), which functions both as a BER
endonuclease and as a redox factor that regulates the DNA-binding activity of transcription
factors including AP-1, NF-kB, and HIF-1a (Tell et al., 2009), processes the abasic site
(Whitaker & Freudenthal, 2018), generating a single-strand break with 3'-OH and 5'-
deoxyribose-phosphate ends. DNA polymerase (3 fills the resulting gap by inserting a normal
guanine, and DNA ligase III seals the nick. If this pathway runs to completion before the
replication fork arrives, the original guanine is restored and no permanent change occurs. If it
does not, the consequences depend on which intermediate persists. A persistent 8-0xoG is
bypassed by replicative polymerases that misinsert adenine opposite the oxidized guanine in
approximately fifty percent of encounters (Markkanen, 2017); after a second round of
replication, one daughter strand carries a permanent G:C - T:A transversion (denoted throughout
this manuscript as "G — A" by new-strand base identity — the adenine that was misinserted on
the new strand persists as the permanent sequence record at that position; see Figure 3 legend). A
persistent abasic site causes more severe disruption: replicative polymerases stall, translesion

synthesis polymerases are recruited, and the outcome is determined by which TLS polymerase



the cell recruits — a regulated event governed by PCNA ubiquitination state and chromatin
context (the resolution architecture developed in §3.4). If neither helicase nor TLS resolves the
obstacle before mitosis, the underreplicated DNA is transmitted to the daughter cell, where it is

sequestered in 53BP1 nuclear bodies and resolved through a distinct post-mitotic pathway (83.4).

Figure 3. Resolution Architecture and Fidelity Control: How Remodeling Becomes Commitment
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Figure 3. Resolution architecture and fidelity control: how remodeling becomes commitment.
Replication-coupled resolution of chemically marked addresses converts reversible remodeling into
irreversible sequence, epigenetic, or structural change. (A) Write/erase substrate logic at two address
classes: CpG/methylated cytosine addresses (hydrolytic deamination of 5-methylcytosine produces C - T,
SBS1; §3.3.1) and G-quadruplex/oxidized guanine addresses (8-0xoG bypass produces G:C - T:A,
SBS18; §3.3.2; denoted G — A by new-strand base identity). (B) Fork encounter decision tree at each
marked address: (1) fork reaches address; (2) helicase recruited (BLM, WRN, BRIP1) — high-fidelity
resolution; (3) TLS polymerase engaged (REV1, POLK, REV3L) - tolerated remodeling or rogue
bypass; (4) unresolved fork — 53BP1 nuclear body resolution. HLTF serves dual function as dsDNA
translocase and PCNA polyubiquitination E3 ligase. (C) Fidelity index quantifies coupling balance.
Fidelity index = mean(helicase p) — mean(TLS p), computed from population-level Spearman correlations
(Puram et al., 2017; n = 2,215 HNSC cancer cells, 18 patients; GSE103322). TP63+ (stem program):
fidelity index = +0.003; KRT5+ (failed commit): fidelity index = —0.213; shift = 0.216. Individual gene
values tabulated. (D) Commitment outcomes: convergent sequence change (C - T at CpG, G:C - T:A at
G4), epigenetic change (failure to re-establish marks), and structural change (fork collapse, 53BP1 NB
resolution) are collectively refractory to ordinary remodeling systems, producing stable terminal fate or
regulated cell death.



The G4 architecture constrains both the writing and the erasure in ways that distinguish this
subsystem from the C - T subsystem. OGG1's catalytic activity at folded G-quadruplexes is
reduced relative to its activity on canonical duplex DNA (Fleming et al., 2017), meaning that 8-
0xoG within an intact G4 is partially protected from erasure. The G4 must be unfolded — by the
G4-resolving helicases described in §3.1 or by the local single-stranded DNA generated during
transcription — before OGG1 can fully access its substrate. This adds a second temporal layer to
the subsystem: the erasure window is constrained not only by the S-phase deadline but also by
the kinetics of G4 unfolding at each address. Addresses where G4 unfolding is slow accumulate
8-0x0G and progress toward G — A transition; addresses where G4 unfolding is fast permit

complete erasure.

A third asymmetry distinguishes the G — A subsystem from its cytosine counterpart. The adenine
misincorporated opposite an unrepaired 8-0xoG can, in principle, be excised by MutY DNA
glycosylase (MUTYH) — but the model predicts low MUTYH activity in stem and progenitor
compartments, reflecting the framework's logic that the G - A commitment-marking subsystem
requires permissive (unrepaired) 8-0xoG processing for the bypass-mediated installation step.
Systematic characterization of MUTYH protein levels and activity across stem cell populations
has not been published, so this prediction remains testable rather than confirmed. The asymmetry
between the two subsystems is therefore directional: TDG-mediated repair of C — T transitions
on the template strand operates with the cell's full enzymatic complement, while MUTYH-
mediated repair of A misincorporated opposite 8-0xoG on the new strand is predicted by the
model to be poorly resourced. C - T events accumulate on the template strand because erasure
becomes invisible; G — A events accumulate on the new strand because erasure is predicted to be

mechanistically absent. The two subsystems write different chemistries on different strands at



different addresses, and the model proposes that the daughters inherit the consequences

differentially.

The functional consequence at G4-containing promoters is structural rather than purely
informational. A G - A transition at a guanine that participates in a G-tetrad alters the geometry
of that tetrad (the chemical basis is reviewed in Fleming & Burrows, 2017). Depending on which
guanine is mutated and which alternative folding topology the sequence can adopt, the
consequence ranges from mild (a slightly destabilized G4 that still folds) to severe (a G4 that can
no longer fold at all, leaving the sequence in extended single-stranded or duplex form). G4
unfolding alters transcription factor accessibility, changes the binding of G4-resolving helicases,
and reorganizes the local chromatin state. The progressive accumulation of G — A events at G4
addresses thus closes regulatory options progressively: each such transition represents a
structural decision that cannot be reversed by demethylation, by histone modification, or by any
other epigenetic intervention. The G4 either folds or it does not, and the sequence determines

which.

The mutagenic vulnerability of G4 addresses is reinforced by a second, complementary
mechanism. In vitro forward mutation assays demonstrate that G4 motifs from the human
genome intrinsically reduce DNA polymerase fidelity, with polymerase-specific error signatures
observed for pol 64, 1, and k during synthesis of parallel G4 structures (Stein et al., 2022) —
errors occur within, immediately flanking, and encompassing the G4 motif, with each
polymerase producing a characteristic error class (deletions and complex errors for pol 64;
flanking errors for pol n; frameshifts within G-tracts for pol k). The write/erase chemistry
described above thus operates at addresses where polymerase errors are already enriched on

biochemical grounds independent of the chemistry. Both mechanisms predict mutation



accumulation at the same addresses, and the observed enrichment of cancer driver mutations at
G4-containing promoters is consistent with their combined contribution. The model does not

claim that the write/erase chemistry is the sole source of G4-localized mutation.

3.3.3 Transcription Factor Binding Site Consequences of Write/Erase Chemistry

The conventional classification of translesion synthesis polymerases as error-prone emergency
enzymes has been challenged by evidence that these polymerases serve developmental functions
beyond damage tolerance. Sale et al. (2012) reviewed the expanding roles of Y-family
polymerases in somatic hypermutation, immunoglobulin gene conversion, and replication
through natural structural impediments including G-quadruplexes. Shah et al. (2024)
demonstrated that REV1 is required for genome-wide DNA demethylation in primordial germ
cells — REV1-deficient mice show complete failure of PGC demethylation and sterility,

establishing that a translesion polymerase has an essential developmental function.

The model proposes that TLS polymerase chemistry at G4 addresses creates a constrained
mapping between mutation chemistry and transcription factor binding site consequences. A
concrete illustration comes from the TERT promoter, where the C228T and C250T mutations —
both C - T transitions within a G4-forming sequence (Horn et al., 2013) — create de novo
ETS/GABPA transcription factor binding sites while simultaneously disrupting CTCF repressor
binding and altering the G4 folding landscape (Bell et al., 2015). At inflammatory promoters,
OGG1 bound to 8-0x0G at intact G4 structures scaffolds NF-kB and Sp1 transcription factor
recruitment without requiring any base change (Ba et al., 2014; Pan et al., 2016) — the oxidative
intermediate itself is the recruitment signal. The model identifies four distinct TF binding
consequences that can arise from write/erase chemistry at G4-containing commitment promoters:

C - T transitions creating ETS-family motifs, G — A transitions creating p53 half-sites, G - T



transversions creating Y'Y 1/PRC2 motifs, and OGG1-8-0x0G scaffolding creating transient NF-
kB recruitment. The computational analysis supporting this four-arm logic — including a 30-
promoter analysis against GC-matched null models showing significant enrichment of ETS-
family motifs and depletion of NF-kB proto-sites at G4 structures, with two of four arms
confirmed as G4-context-specific — is presented in Supplementary Section S2, along with the

temporal implications of progressive binding-site accumulation across the lifespan.

3.3.4 The TET Demethylation Ladder: Insulator Installation at CTCF Sites

The TET demethylation ladder operates in a different functional context from the TET-mediated
oxidation described in §3.3.1. TET1, TET2, and TET3 sequentially oxidize 5-methylcytosine
through three intermediates: 5-hydroxymethylcytosine, 5-formylcytosine, and 5-
carboxylcytosine. Each oxidation step requires a-ketoglutarate, ferrous iron, and molecular
oxygen. Both 5-formylcytosine and 5-carboxylcytosine are excised by TDG (He et al., 2011;
Maiti & Drohat, 2011), and the resulting abasic site is repaired through base excision repair to
restore unmethylated cytosine. The full ladder converts methylated cytosine to unmethylated

cytosine, completing what is conventionally called active demethylation.

The functional context that distinguishes this subsystem from the others is its operation at CTCF
binding motifs. CTCF is the dominant insulator-binding protein in mammalian genomes (Phillips
& Corces, 2009) and the principal architect of topologically associating domain boundaries. The
genome-wide three-dimensional organization established by CTCF and cohesin was mapped at
kilobase resolution by Rao et al. (2014), who identified approximately 10,000 chromatin loops
linking promoters and enhancers, with loop anchors typically occurring at domain boundaries
bound by CTCF in convergent orientation (>90% of cases) and the resulting loop structures

conserved across cell types and species. Methylation of cytosines within a CTCF motif occludes



CTCF binding; demethylation through the TET ladder restores it (Wang et al., 2012). When
CTCF binds, it recruits cohesin and establishes a chromatin boundary (Wendt et al., 2008) that
constrains which enhancers can access which promoters within the resulting domain. The
installation of a new CTCF boundary during differentiation is therefore not merely a local
epigenetic change — it can reorganize the regulatory landscape over hundreds of kilobases by
partitioning the genome into different neighborhoods, the architectural scale that the Rao et al.

map identifies as the canonical unit of human chromatin organization.

The TET ladder intermediates also have consequences for i-motif DNA stability at the same CpG
addresses: 5ShmC is approximately structurally neutral, while 5fC and 5caC can destabilize i-
motif folding in a context-dependent manner (Wright et al., 2020) — though the magnitude and
direction of these effects vary with sequence context, ionic conditions, and the density of
modifications at a given locus, and should not be treated as uniformly destabilizing. These
modification-dependent stability effects are one element of the broader commitment chemistry
developed in §3.4, where strand-specific sequence changes provide the primary irreversibility
mechanism. The model proposes that the number of TET rounds required to advance any given

address depends on both the initial methylation density and the available a-ketoglutarate flux.

The TET ladder competes with the C - T subsystem for TDG, and this competition has a
directional consequence that connects the two subsystems mechanistically. Active TET-mediated
demethylation at CTCEF sites consumes TDG capacity. Reduced TDG capacity slows G:T
mismatch repair at deaminated CpGs elsewhere in the genome. Each round of insulator
installation therefore accelerates the accumulation of C - T transitions at unrelated regulatory
addresses. The cell cannot simultaneously maximize insulator installation and minimize

deamination-derived sequence change. The trade-off is resolved differently in different contexts:



stem cells with low TET activity accumulate fewer C — T transitions and install fewer new
insulator boundaries; transit-amplifying cells with high TET activity install many new
boundaries and accumulate more C — T transitions, narrowing their regulatory repertoire faster.
The connection between these subsystems means that progressive insulator installation and
progressive deamination-derived stemness marking are two faces of a single chromatin-

remodeling program operating on a finite enzymatic budget.

3.3.5 Matrix Integration: Input-Constrained Outcomes from Specified Inputs

The three subsystems are not independent. They share enzymes (TDG appears in all three), they
share metabolic inputs (a-ketoglutarate gates the cytosine oxidation chemistry; reactive oxygen
species generated by demethylase activity feeds the guanine oxidation chemistry), and they share
the temporal constraint imposed by S-phase. They also share their genomic targets: G4-
containing promoters carry both the cytosine modifications that determine i-motif stability and
the guanine modifications that determine G4 folding, and these modifications interact at the level
of local DNA structure. A promoter with both 5fC at its CpG sites and 8-0xoG within its G4 is in
a different structural state from a promoter with either modification alone, and the structural state

determines transcription factor accessibility independently of any signaling input.

The model's central claim about this matrix is operational rather than mechanistic. The model
does not propose new biochemistry; the individual reactions are established. It proposes that
these reactions, taken together, constitute a system whose behavior at every modified address is
strongly constrained by three observable inputs: which marks are present at that address, which
enzymes are available in that cell, and how much time remains before S-phase. Cells with
different enzyme complements — different because of the partition described in §3.2, different

because of metabolic state, different because of cell-cycle position — produce different



outcomes from the same starting marks. But the outcome from a given combination of inputs is
determined, not random. Two cells with identical mark configurations and identical enzyme
complements at the same point in their cell cycles will, the model proposes, produce strongly
similar outcomes at the addresses where this matrix operates — acknowledging that residual
stochastic variance in enzyme kinetics and substrate accessibility introduces noise around a
constrained central tendency. This is what the model means by input-constrained: outcomes are
strongly constrained by measurable inputs, not determined by stochastic regulatory decisions,

though the constraint is probabilistic rather than perfectly deterministic.

The connection to ARC phases is direct and gives the model its predictive power. During A-
phase, the CLASPIN-mediated histone routing (whose evidence is reported in §6.4) creates
strand-asymmetric starting conditions, and the partition systems (§3.2) deliver different
enzymatic environments to each daughter. The matrix then operates differently in each daughter
from the moment of division onward — same chromatin starting state in some respects, different
enzymatic clientele, different outcomes. During R-phase, the matrix operates symmetrically on
both daughters of each division, but the accumulation of permanent changes — C — T on the
template strand, G — A at G4 addresses, structural collapse of i-motifs at insulator-installed sites
— progressively narrows the regulatory options available to the cell. During C-phase, the
cumulative changes have closed enough addresses that the remaining open repertoire can support
only one lineage identity, and the resolution architecture described in §3.4 makes that identity

irreversible.

This framing has a specific empirical implication that distinguishes the model from conventional
epigenetic models. Conventional models treat chromatin marking as a regulated computation in

which signaling inputs determine which marks are installed, and the marks then bias subsequent



transcription. The marks are inputs to a cellular decision; the decision is reached by integrating
many inputs through pathways that converge on transcription factor activity. In the model
proposed here, the marks are not inputs to a decision — they are the decision. Once installed, the
matrix specifies what each mark can become, and the answer is not a function of further
signaling. The cell's role is to determine where to install marks (the upstream signal of §3.1) and
to ensure that the right enzymes are present in the right daughter (the partition systems of §3.2).

After that, the chemistry runs.

3.3.6 The AT Arm: Enhancer Licensing Through Deliberate DNA Breaks

The three subsystems described above operate primarily at two classes of regulatory element: the
C-T and G - A subsystems at promoters (CpG islands and G4-containing sequences), and the
TET ladder at CTCF-bound insulator boundaries. A third class of regulatory element — the
enhancer — is licensed through a distinct mechanism that completes the model's account of how

commitment becomes coherent across the three-dimensional genome.

TOP2B (DNA topoisomerase II-beta) creates deliberate double-strand breaks at enhancers as a
required step in enhancer-promoter loop formation. Madabhushi et al. (2015) demonstrated in
neurons that activity-dependent transcription requires TOP2B-mediated DSBs at the promoters
and enhancers of early-response genes, and that these breaks are not damage to be repaired but a
required topological step in establishing the chromatin loops that bring enhancers into contact
with their target promoters. EP300/CREBBP then deposits H3K27ac at the break-adjacent

nucleosomes, establishing the active enhancer state.

The computational coupling data reported in Part 6 are consistent with the interpretation that

TOP2B is commitment-associated: it correlates positively with commitment markers (EP300,



RIF1, CTCF, NUMB) and negatively with stem-state markers across multiple TCGA cohorts and
at protein level in CPTAC data. The AT arm's coupling profile mirrors the insulator arm's: both

are commitment-associated and both are anti-correlated with stem-state markers.

The functional consequence is that enhancer licensing and insulator installation are coordinated
through shared upstream dependencies. TET2-mediated demethylation enables CTCF binding at
boundaries (insulator arm) while the same commitment-associated chromatin remodeling enables
TOP2B access at enhancers (AT arm). The two arms advance in parallel because they share the

same metabolic permissions and the same temporal window within R-phase.

The model predicts that cancer should preserve the structural cohesin complex itself while
weakening the regulatory coordination that directs where cohesin loads and what boundaries it
establishes — the same selective dissolution of the decision layer with preservation of the

machinery layer that the model predicts should be maintained across all model components.

3.3.7 Three-Arm Convergence: Why Commitment Requires Simultaneous Completion

The three arms of the write/erase matrix — the GC arm operating at G4-containing promoters,
the AT arm licensing enhancers through TOP2B-mediated breaks, and the insulator arm
establishing CTCF/cohesin boundaries — the model proposes, must complete simultaneously at
each commitment-relevant gene for the commitment to be coherent. The insulator arm
determines WHICH enhancer-promoter pair can interact by establishing the TAD boundary that
constrains loop extrusion. The AT arm determines WHICH enhancer within the permitted TAD
is active by licensing it through TOP2B breaks and EP300/CBP-mediated H3K27ac deposition
(the canonical histone acetyltransferase activity of these transcriptional coactivators; Dancy &

Cole, 2015). The GC arm determines WHEN the promoter fires by modifying the G4 structure



that controls transcription factor access. A gene whose insulator boundary is established but
whose enhancer is not licensed will not activate. A gene whose enhancer is licensed but whose
promoter G4 has not been modified will not respond. Commitment occurs when all three
conditions are met simultaneously at a sufficient number of lineage-specifying genes —
producing the coordinated activation of a lineage program rather than the piecemeal activation of

individual genes.

The consequences of this convergence requirement for cancer — where partition failure disrupts
the coordination of arm outputs between daughters — are developed in Part 5. The strand-
specific predictions of §3.3.1-3.3.2 — that C - T events accumulate on the template strand while
G - A events accumulate on the new strand, with daughters inheriting the consequences
differentially — have not been tested at single-cell resolution in any mammalian system; the
predictions are derived from established enzyme biochemistry and strand-inheritance logic but

their operation as a coordinated strand-specific marking program remains a model proposal.

3.4 The Resolution Architecture: How Commitment Becomes Irreversible

The preceding sections describe how the write/erase matrix installs modifications at
commitment-relevant addresses. These operations produce a chromatin landscape that is, in
principle, reversible: oxidized bases can be excised, methylation can be restored, histone marks
can be rewritten. The question this section addresses is how those reversible modifications
become the permanent changes that define commitment (Figure 3). The answer lies in what

happens when the replication fork encounters the modified addresses during S phase.

A cell in R-phase carries modified bases at commitment-relevant loci. When the replication fork

arrives at one of these addresses, the outcome depends on a competition between resolution and



bypass. If one of the RecQ-family or FANCJ-family helicases engages at the stalled fork, the
obstacle is resolved at high fidelity. BLM dissolves replication-fork structures through the
topoisomerase IIla—RMI1/RMI2 dissolvasome (Manthei & Keck, 2013), WRN provides 3' - 5’
exonuclease proofreading of any inserted bases (Brosh & Bohr, 2007; Croteau et al., 2014), and
BRIP1 resolves G-quadruplex obstacles directly (London et al., 2008). When helicases engage
successfully, the original sequence and chromatin state are preserved on both daughter
chromatids. No irreversible change occurs at that address. But helicase engagement is not
guaranteed. The model proposes that the cell's helicase capacity is finite, and that as R-phase
deepens and more addresses carry modifications, more encounters exceed that capacity. When

they do, the fork stalls and the outcome shifts to bypass.

The bypass decision is governed by the ubiquitination state of PCNA at the stalled fork.
RAD6/RAD18-mediated monoubiquitination recruits Y-family TLS polymerases for direct
bypass, while UBC13/HLTF-mediated polyubiquitination promotes error-free template
switching using the sister chromatid (Hoege et al., 2002; Masuda et al., 2018). HLTF is
particularly important at G4-containing addresses because it serves a dual function: it is a
dsDNA translocase that can act on replication-blocking structures and the E3 ubiquitin ligase
that promotes PCNA polyubiquitination and template switching (Masuda et al., 2018). When
HLTF is present, it channels bypass toward the error-free template-switching pathway. When
HLTF is absent, PCNA remains monoubiquitinated, channeling bypass toward mutagenic TLS.
The finding that the HLTF-to-PRIMPOL expression ratio reverses in all examined cancer types
relative to normal tissue is consistent with a systematic shift from error-free resolution to

mutagenic bypass at G4-containing regulatory addresses.



The PCNA modification state at each stalled fork is not determined solely by these ubiquitin
ligases. PIDD1, a self-processing protein first identified as a p53 transcriptional target (Lin et al.,
2000), directly interacts with PCNA at stalled replication forks, where it modulates p21
displacement, promotes PCNA monoubiquitination, and facilitates poln recruitment for
translesion synthesis (Logette et al., 2011). PIDD1 also recruits DNA-PKGcs to stalled forks
independently of the Ku heterodimer, and this recruitment is required for ATR checkpoint
activation in the replication-stress context — disrupting the PIDD1-DNA-PKcs interaction
compromises ATR signaling, the intra-S-phase checkpoint, and cellular resistance to replication
stress (Lin et al., 2018). The same protein localizes to the mother centriole through the distal-
appendage adapter ANKRD?26 (Evans et al., 2021; Burigotto et al., 2021), which means that
when the two centrioles segregate to opposite spindle poles and are inherited by different
daughters, the daughter receiving the mother centriole inherits the fork-proximal regulator of
PCNA modification and ATR checkpoint strength — a physical mechanism by which
centrosome identity could determine resolution-architecture capacity at the same genomic

addresses in the two daughters.

When TLS does engage without helicase-mediated fidelity control, the consequences are strand-
specific and predictable. REV1 scaffolds the TLS complex and inserts dCMP (Nelson et al.,
1996; Sale, 2013). POLK bypasses 8-oxoguanine with error-prone fidelity (Markkanen, 2017).
POLH handles UV photoproducts at near-replicative fidelity but is error-prone at oxidized bases
(Masutani et al., 2000). REV3L extends past mismatches, locking them into the permanent
sequence record (Lawrence, 2004). Because the two daughter chromatids carry complementary
strands, the strand orientation of the obstacle relative to fork direction determines which daughter

inherits the change. G4 structures on the leading-strand template impede the CMG helicase and



produce single-stranded gaps through fork uncoupling or PRIMPOL-mediated repriming, while
those on the lagging-strand template inhibit Pol § and impair Okazaki fragment maturation (Sethi
et al., 2025). The asymmetry is structural and predictable from genomic architecture: template-
strand changes are inherited by the daughter receiving the template chromatid, new-strand
changes by the daughter receiving the new chromatid (Haradhvala et al., 2016; Ginno et al.,
2012). The model proposes that this strand-specific inheritance is the mechanism by which the

C - T stemness marking of §3.3.1 and the G — A commitment marking of §3.3.2 become

permanently allocated to specific daughters.

Sarkies et al. (2010) demonstrated a critical additional consequence of replication failure at G4
addresses that bridges the sequence-level and epigenetic effects of bypass. Processive replication
through G4 DNA requires REV1-mediated TLS to maintain coupling between DNA synthesis
and parental histone recycling. When REV1 fails at a G4 address, the fork uncouples DNA
synthesis from histone recycling. Parental histones carrying repressive marks are not recycled to
both daughter strands; newly synthesized unmarked histones are incorporated instead, producing
localized loss of repressive chromatin and transcriptional derepression. A single replication
failure at a commitment-relevant G4 promoter therefore produces compound irreversibility on
one chromatid: a possible sequence change from low-fidelity TLS, loss of epigenetic silencing
from histone recycling failure, and underreplicated DNA if TLS fails entirely. The daughter
inheriting that chromatid receives all three changes. The daughter inheriting the other chromatid,
where the fork replicated normally with intact histone recycling, retains the original sequence,
the original histone marks, and complete replication at that address. No single reversal chemistry
can undo the compound change. The Sarkies finding was demonstrated in avian DT40 cells; the

conservation of REV1, G4 structures, and histone recycling mechanisms across vertebrates



(Sarkies et al., 2012) makes the extension to mammalian transit-amplifying cells plausible,

though it has not been directly demonstrated.

Obstacles that escape the successive resolution attempts spanning S-phase through mitosis —
helicase engagement, translesion synthesis, mitotic DNA synthesis (MiDAS) at the metaphase-
anaphase transition, and anaphase bridge resolution — are transmitted to the daughter cell as
underreplicated DNA (Lukas et al., 2011). In the daughter's G1, these lesions are sequestered in
53BP1 nuclear bodies, large chromatin domains enriched in 53BP1, ATM, yH2A X, MDCl1,
CTCF, and 5-hydroxymethylcytosine but lacking the HR factors CtIP and RAD51 (Fernandez-
Vidal et al., 2017). 53BP1 NBs form preferentially at common fragile sites in late-replicating,
initiation-poor regions with DNA secondary structures. TET depletion is associated with reduced
53BP1 NB formation through a mechanism involving replication-stress-related chromosome
missegregation (Fernandez-Vidal et al., 2017), and the model interprets this as consistent with
the proposal that TET-mediated modifications at commitment addresses create the replication
obstacles whose transmission produces 53BP1 NBs. Direct demonstration that specific TET-
modified bases at named commitment loci produce the underreplicated DNA that becomes
53BP1 NBs remains to be carried out. The asymmetric inheritance of damage-associated marks
operates at two scales, both dependent on ATR. At the chromosome level, replication stress
induces ATR/CHK1-dependent nonrandom segregation of damaged chromatids, concentrating
the damage burden in one daughter while the other inherits the old template DNA with its
established marks (Xing et al., 2020). The damaged daughter subsequently undergoes cell-cycle
arrest and death. At the base level, ATR phosphorylates TET3 at stalled forks, driving 5-
hydroxymethylcytosine accumulation at those specific addresses (Jiang et al., 2017), and because

5hmC is not maintained by DNMT1/UHRF1, it undergoes passive replication-dependent dilution



at each subsequent division (Inoue et al., 2011; Onodera et al., 2021). The two scales of
asymmetry are complementary: the chromosome-level sorting concentrates damaged chromatids
in the daughter slated for elimination, while the base-level dilution creates site-specific

epigenetic differences between the chromatids themselves.

53BP1 NBs have consequences for cell fate that operate through several converging
mechanisms. They activate p53, which increases p21, which suppresses CDK2 activity,
producing an extended G1 (Fernandez-Vidal et al., 2017). This chain is consistent with the
p21/CDK2 bifurcation at mitotic exit demonstrated in fibroblast systems (Spencer et al., 2013)
and with the finding that G1 lengthening is necessary and sufficient for differentiation in neural
progenitors (Lange, Huttner & Calegari, 2009). 53BP1 NBs also adjust replication timing of the
affected loci to late S phase (Spies et al., 2019), likely through the 53BP1-RIF1 axis that controls
replication timing genome-wide (Foti et al., 2016), enabling RAD52-mediated repair of the
underreplicated DNA. When 53BP1 capacity is adequate, it limits end-resection and promotes
high-fidelity RAD51-dependent resolution. At classical DSBs, exhausting 53BP1's chromatin-
binding capacity switches resolution to mutagenic RAD52-dependent single-strand annealing
(Ochs et al., 2016). Whether this capacity-dependent switch operates identically at 53BP1 NBs
has not been directly tested, but the model proposes that the number of 53BP1 NBs a daughter
inherits determines both the depth of G1 arrest through the p21/CDK?2 axis and the mutagenic
load of resolution through 53BP1 capacity saturation. 53BP1 NBs can also be resolved in G1 by
NHEJ or non-canonical end-joining pathways, and potentially by POLQ-mediated
microhomology-mediated end joining (Wood & Doublié, 2016), with the specific repair products

depending on the nature of the lesion and the cell's repair capacity during the extended G1.



The progressive accumulation of these irreversible changes across successive R-phase divisions
is what converts the buffered remodeling of R-phase into the irreversibility that defines C-phase.
Each cycle transmits more unresolved intermediates and installs more permanent changes at
commitment-relevant addresses. This is the memory mechanism: the daughter of an R-phase
division inherits a chromatin landscape that is closer to commitment than her mother's was,
because more addresses have undergone irreversible change. The rate at which this accumulation
proceeds depends on the balance between resolution capacity and obstacle burden — a balance
set by the metabolic environment (§3.1), the helicase complement, and the number of addresses
the write/erase program has modified. The scientific community has accepted DDR chemistry as
developmental decision-making in several established contexts. ATM is required for
hematopoietic stem cell self-renewal through regulation of oxidative stress (Ito et al., 2004).
RAG1/RAG2 create deliberate double-strand breaks at antigen receptor loci whose NHEJ
resolution produces the irreversible sequence diversity that specifies lymphocyte identity (Schatz
& Ji, 2011). SPO11 initiates meiotic recombination through programmed DSBs whose controlled
location, timing, and number are regulated by the chromatin environment (Lam & Keeney,
2015). The model proposes that the resolution architecture described here serves a comparable
developmental function in somatic tissues — a function whose disruption has direct
consequences for cancer, developed in Part 5, and whose measurable signature is tested in Part 6.
Each link in the chain from modified base through fork stall, helicase/TLS competition, 53BP1
NB formation, and p21/CDK2-mediated G1 extension has been characterized in independent
experimental systems; the proposal that these links operate as an integrated sequence within the

same cell during the same R-phase division has not been demonstrated in a single experiment



and remains the model's most important mechanistic claim. The IDH1 mutation provides a

particularly clear test of this architecture, developed in §5.3.

3.5 Execution Chemistry: How Commitment Becomes Physical

Terminal differentiation in each characterized lineage engages a specific death-pathway
chemistry at sub-lethal levels — lipid peroxidation in erythropoiesis (Yang et al., 2014;
Stockwell et al., 2017), caspase cleavage in neurogenesis (Fernando et al., 2005; Rosa et al.,
2024), MLKL in adipogenesis (Magusto et al., 2022). These are not independent from cell death;
they share molecular machinery with it, and the cell's partition state determines which regulatory

programs deploy these shared activities.

The resolution architecture described in §3.4 closes regulatory options through compound
irreversible changes at commitment-relevant addresses, but it does not, by itself, transform the
cell physically. A cell that has crossed the commitment threshold has lost the capacity to revert
to its prior chromatin configuration, but it still has the same morphology, the same cytoskeleton,
the same membrane composition, the same nuclear architecture as before commitment. The
extended G1 that 53BP1 NBs create through the p21/CDK?2 pathway (83.4) is the same G1 that
provides time for the execution chemistry described below to translate the locked configuration
into physical change. To become a neuron, an erythrocyte, a keratinocyte, or any other terminal
cell type, the cell must undergo physical changes that consolidate its new identity into a form
that cannot revert under homeostatic conditions. These physical changes are mediated, the model
proposes, by the same molecular machinery that executes regulated cell death — operating at
sub-lethal intensity in regulatory contexts that constrain the chemistry to differentiation-relevant

outcomes rather than complete cellular destruction. The model's claim is that there is no separate



"differentiation chemistry" distinct from "death chemistry"; there is one chemistry, deployed at

different magnitudes in different regulatory contexts.

The principle that death and differentiation engage the same molecular machinery at different
magnitudes is supported by direct biochemical evidence in multiple lineages. In neural and
muscle systems, sub-lethal caspase-3 activation is required for terminal differentiation. Fernando
et al. (2002) demonstrated that pharmacological inhibition of caspase-3 blocks myogenic
differentiation in skeletal muscle progenitors, and that the requirement is for a low level of
caspase-3 activity rather than for the high-level apoptotic activation that would kill the cell. The
same requirement applies in neural stem cell differentiation (Fernando et al., 2005). Rosa et al.
(2024) showed that non-apoptotic caspase-3/7 activation directly drives neural stem cell-to-
neuron conversion in the adult zebrafish pallium, with the transcription factor ATF3 mediating
the fate bias toward lineage termination and neuron formation. In osteoclastogenesis, caspase-8
activation promotes scramblase-mediated phosphatidylserine exposure and fusion of osteoclast
precursors through a non-apoptotic cascade — pharmacological blockage or genetic deletion of
caspase-8 interferes with osteoclast fusion and bone resorption (Vesela et al., 2022, 2024).
Larsen et al. (2010) showed that caspase-3 activates the caspase-activated DNase (CAD/DFFB),
which generates DNA strand breaks at the p21 (CDKN1A) promoter during differentiation, and
that these breaks are required for the chromatin reorganization that accompanies terminal
commitment. CAD is a nuclease with established roles in chromatin architectural maintenance at
insulator-zone boundaries. The strand breaks CAD generates are a form of regulated genomic
damage that is repaired in the differentiating cell but that, in the apoptotic context with much
higher caspase activity, would lead to the systematic chromatin fragmentation characteristic of

programmed cell death.



This principle generalizes across lineages, with each lineage engaging a different specific death-
associated chemistry as its execution chemistry. In the erythroid lineage, controlled lipid
peroxidation — the same iron-dependent chemistry that drives ferroptotic cell death (Yang et al.,
2014) — produces the membrane changes required for reticulocyte maturation. In adipogenesis,
MLKL-mediated membrane permeabilization participates in lipid droplet maturation (Magusto et
al., 2022). In keratinocytes, the lineage-specific caspase-14 processes cornification substrates
with no apoptotic function (Denecker et al., 2007). The nucleases implicated in chromatin
architectural maintenance — CAD, EndoG, and AIF — are also established components of
regulated cell death pathways (Larsen et al., 2010; Dahal et al., 2022; Susin et al., 1999). The
model interprets this molecular overlap as reflecting a continuous system in which the same
enzymatic repertoire is deployed at sub-lethal magnitude for chromatin maintenance and at lethal
magnitude for cell elimination, with the regulatory context determining outcome. Direct
demonstration that individual nucleases shift from maintenance to execution function within the

same cell across different ARC phases has not been performed.

Whether the same pattern holds in lineages where it has not yet been measured — hepatocytes,
pancreatic acinar cells, intestinal enterocytes — is a generalization the model offers as a testable
extension rather than an established finding. The directly supported observation is that each
characterized lineage engages a specific death-pathway component as a sub-lethal commitment
effector. The broader claim that execution chemistry is required across all lineages would require
systematic profiling across additional lineages with their corresponding death-machinery

pharmacology.

The architectural claim has a direct falsification test. If terminal differentiation can be achieved

in multiple lineages while all execution chemistries are simultaneously blocked — pan-caspase



inhibition (blocking the caspase pathway), GPX4 overexpression to its highest physiologically
tolerable levels (blocking the lipid peroxidation pathway), and MLKL inhibition (blocking the
membrane permeabilization pathway) — then the architectural constant claim is wrong.
Differentiation would be possible without any death-pathway chemistry, and the parallel between
the two would be coincidental rather than mechanistic. The model predicts that such combined
blockade will not permit terminal differentiation in at least three lineages — a kill test whose

positive result would require fundamental revision.

The model proposes that the BCL-2 family membrane homeostasis system provides the physical
mechanism for why these execution chemistries are lineage-specific. Each lineage's BCL-2
family configuration — set by its niche signal (Wnt - BCL-XL, Hedgehog — BCL2, HSC
niche - MCL1) — determines which organelle configuration the cell maintains and therefore
which membrane-failure mode it engages during commitment. A cell configured by BCL-XL
(high Ca? transfer, efficient ATP synthase) engages lipid peroxidation chemistry when BCL-
XL's membrane-stabilizing function is titrated down during commitment. A cell configured by
BCL2 (dampened ER Ca?*) engages caspase-mediated remodeling when BCL2's IP3R-inhibiting
function is withdrawn. A minority of mitochondria can undergo MOMP in a stress-regulated
manner without killing the cell, producing limited caspase activation that leads to DNA damage
and chromatin remodeling rather than death (Ichim et al., 2015) — this "minority MOMP" is the
sublethal engagement of the same machinery that, at full magnitude, would execute the cell. The
execution chemistry for each lineage is not a separate chemistry deployed alongside the BCL-2
system; it is the specific mode of controlled membrane reorganization that occurs when the
relevant BCL-2 family member's maintenance function is withdrawn during commitment. The

individual biochemical functions cited here are established; the integration into a lineage-specific



execution system — the claim that BCL-2 member identity determines execution chemistry type

— is the model's interpretive contribution.

The execution chemistry connects to the partition systems described in §3.2 through the BCL-2
family configuration each daughter inherits. The chemistry available in each daughter at the
moment of the C-phase mitosis biases which execution chemistry engages in that daughter. A
daughter whose inherited BCL-2 configuration maintains high organelle quality — MCL1-
stabilized cristae, BCL-XL-mediated ATP synthase efficiency, low net OMM-resident BAX —
has the metabolic capacity for continued self-renewal. A daughter whose inherited configuration
has lower organelle quality — reduced MCL1 matrix levels, BCL-XL partially withdrawn from
ATP synthase and fission sites, higher BAX OMM residence — has the substrates available for
the lineage-specific execution chemistry: sub-lethal caspase activity at chromatin-remodeling
loci, controlled lipid peroxidation for membrane reorganization, or MLKL-dependent changes,
depending on the lineage. A daughter inheriting an incoherent combination — commitment-
marked chromatin requiring execution chemistry that the inherited organelle configuration
cannot support — faces the chemical incompatibility that the BCL-2 quality-control mechanism
would normally detect and eliminate. In cancer, where that quality-control mechanism has been

disrupted (Part 5), the incoherent daughter survives.

The execution chemistry completes the ARC architecture by translating commitment — the
compound irreversible changes at lineage-relevant regulatory addresses described in §3.4 — into
physical cellular change at the organelle, membrane, and cytoskeletal levels. The execution
chemistry does not make the commitment decision; it implements it. The model therefore
predicts that execution-layer gene pairs should be preserved in cancer (the structural execution

partnerships FANCIXFANCD2, PLK1xAURKA, CLSPNXPCNA, CDK4xCCND1) — the



execution machinery functions regardless of whether the upstream regulatory architecture that
should control it is intact. Two pairs — MFN1 x OPA1 and FANCD2 x BRCA1 — are
classified as regulatory (Class I) rather than execution because both have partner-independent
functions and their transcriptomic co-expression reflects shared regulatory programming rather
than stoichiometric complex assembly. Cancer cells retain functional caspases, functional lipid
peroxidation chemistry, and functional cytoskeletal remodeling machinery. What they lack is the
partition-controlled regulatory system that would direct these tools toward coherent commitment
outcomes, and the selective purging mechanism (developed in §4.3) that would eliminate cells

whose partition-inherited configuration is incoherent.

Part 4: Death as a Commitment Endpoint

4.1 The Death-Differentiation Overlap

The execution chemistry developed in §3.5 established that death and differentiation engage the
same molecular machinery at different intensities, with each lineage's BCL-2 family
configuration determining which execution chemistry is deployed. The question Part 4 addresses
is how the partition state at mitosis determines which deployment each daughter engages. The
model proposes that daughters of an asymmetric division inherit different organelle portfolios
and chromatin configurations through the molecular asymmetry described in §2.3, and that the
BCL-2 family configuration each daughter inherits determines which death-associated programs
are accessible. A daughter whose inherited configuration has collapsed — MCL1 matrix loss
producing cristae opening, BCL-XL withdrawal permitting BAX accumulation at the OMM —
engages the intrinsic mitochondrial pathway, with the specific death modality reflecting which
BCL-2 member's function failed (§3.5). Daughters receiving aged mitochondria with looser

cristae architecture inherit organelles with higher ROS production capacity, influencing intrinsic



apoptotic competency independently of BCL-2 family expression levels (Katajisto et al., 2015).
The model treats this as a regulatory bias rather than an absolute constraint: pharmacological
blockade of one death pathway can redirect cells to another (Galluzzi et al., 2018), but under
physiological conditions the partition-inherited configuration biases the cell toward a specific

death modality.

4.2 Organelle Inheritance as a Determinant of Death-Pathway Accessibility

Direct evidence that organelle inheritance at division determines daughter cell fate has expanded
substantially in recent years. Loeffler et al. (2019) demonstrated in mouse haematopoietic stem
cells that lysosomes, autophagosomes, mitophagosomes, and the protein NUMB are
asymmetrically inherited at division, and that asymmetric lysosomal inheritance predicts the
future metabolic and translational activation of HSC daughters and their offspring. Loeffler et al.
(2022) extended this to human blood stem cells, showing that lysosomes and active mitochondria
are asymmetrically inherited in a coordinated, nonrandom process — multiple additional
organelles including autolysosomes and recycling endosomes co-segregate with lysosomes —
and that the asymmetric lysosomal inheritance predicts daughter cell-cycle length,
differentiation, and stem cell marker expression while asymmetric mitochondrial inheritance
correlates with daughter metabolic activity. Candelas et al. (2024) showed that specific
heterotypic interactions with osteoblast and endothelial cells promote asymmetric division of
human HSPCs: upon niche interaction, cells polarize their centrosome, Golgi apparatus, and
lysosomes toward the contact site and orient their spindle perpendicular to it, producing
daughters with unequal amounts of lysosomes and of the differentiation marker CD34. The
organelle asymmetry is not a passive consequence of imperfect segregation — it is an actively

organized process that the niche regulates.



The functional cargo that the centrosome carries extends beyond microtubule-organizing
capacity. Because PIDD1 localizes to the mother centriole's distal appendages through
ANKRD26 (§3.4), centrosome inheritance is simultaneously an inheritance of resolution-
architecture capacity — the daughter receiving the mother centriole inherits the fork-proximal
adapter that controls PCNA modification dynamics and ATR checkpoint strength, while the
daughter receiving the newly assembled centriole does not. Centrosome asymmetry therefore
delivers both structural polarity (spindle orientation, organelle distribution) and molecular

resolution capacity to each daughter in a single co-inherited package.

The causal relationship between organelle inheritance and fate has been established most directly
in the neural lineage. Bunel et al. (2025) used live imaging in the chick embryonic
neuroepithelium to demonstrate that the frequency of unequal mitochondrial distribution
increases in parallel with the rate of asymmetric divisions during development, and that a cell
inheriting fewer mitochondria than its sister consistently differentiates into a neuron. Critically,
they used a chemogenetic approach to experimentally displace mitochondria during mitosis,
forcing unequal inheritance, and found that this manipulation drives premature neuronal
differentiation — establishing a direct causal relationship between unequal mitochondrial

inheritance and asymmetric cell fate in vivo.

The convergence of these findings with the lineage-specific execution chemistry described in
83.5 generates the model's proposal about death-modality determination. If the inherited
organelle complement differs between daughters — one receiving lysosome-enriched, aged-
mitochondria configurations and the other receiving lysosome-depleted, young-mitochondria
configurations — then the death-pathway machinery available to each daughter differs

correspondingly. Lysosomes contain cathepsins whose release during lysosomal membrane



permeabilization can activate the NLRP3 inflammasome and engage the pyroptotic cascade;
mitochondria with looser cristae produce higher ROS, promoting lipid peroxidation and
ferroptotic susceptibility; and the MLKL-dependent membrane permeabilization that participates
in adipocyte differentiation (Magusto et al., 2022) operates through a necroptotic machinery
whose availability depends on the inherited membrane configuration. Each of these connections
has been established individually in the literature cited here and in §3.5. The model's interpretive
contribution is the proposal that the organelle complement inherited at a single asymmetric
division configures which of these death pathways is accessible in each daughter — producing
lineage-appropriate death modality through the same partition event that specifies lineage-

appropriate chromatin configuration.

The lineage-specific observations assembled across §3.5 and the evidence cited above suggest a
pattern: mesoderm-derived lineages show particular engagement with necroptotic machinery
during both differentiation (MLKL in adipogenesis; Magusto et al., 2022) and aging (RIPK1-
RIPK3-MLKL in HSC decline; He et al., 2024), ectoderm-derived lineages show ferroptosis
susceptibility tied to lipid-rich membrane composition and GPX4 dependence, and sub-lethal
caspase activation appears across multiple lineages as a differentiation mechanism. Whether this
pattern reflects a systematic germ-layer-level organization of death-pathway susceptibility or
represents independent lineage-specific adaptations is an open question that the model raises but
cannot resolve with the data presented. The testable prediction is that organelle profiling at
division — quantifying the lysosomal, mitochondrial, and ER complement each daughter inherits
— should predict which death modality that daughter engages if subsequently forced toward

commitment.



PIDD1 bridges the three temporal layers described in the preceding sections: the fidelity of S-
phase marking (83.4), the regulated partitioning of marked components at mitosis (83.2), and the
fate outcomes in the following G1. The transition from fork-level resolution to cell-fate outcome
operates across a temporal hierarchy separated by mitosis, and PIDD1 connects the damage-
responsive and polarity-directed components of this hierarchy at each step. During S-phase,
PIDD1 at the fork facilitates ATR activation, which drives both the nonrandom chromosome
segregation that concentrates damage in one daughter (Xing et al., 2020) and the 5hmC marking
described in §3.4. After mitosis, PIDD1 — now inherited with the mother centriole — can
activate the PIDDosome through an entirely distinct, centrosome-triggered route (Burigotto et
al., 2021), and the centrosome itself physically couples this axis to the polarity system by
nucleating the astral microtubules that align the NUMB crescent (Giansanti et al., 2001). PIDD1
undergoes intein-like autoprocessing whose depth determines output: an initial cleavage
generates a survival-competent fragment, while a second cleavage liberates the death-domain
fragment that activates caspase-2, the most evolutionarily ancient caspase (Tinel et al., 2007;
Krasovec et al., 2023). The death decision therefore executes in the daughter after mitosis has
already distributed both the damage-associated marks and the polarity determinants. The model
proposes that these two partition arms converge on a single target: NUMB prevents MDM?2-
mediated p53 degradation by complex formation (Colaluca et al., 2008), while caspase-2
destroys MDM?2 by direct cleavage (Fava et al., 2017; Rizzotto et al., 2021), so that the daughter
inheriting both the NUMB crescent and the PIDDosome-competent centrosome would receive
dual-input p53 stabilization whose dissolution in cancer would disable both quality-control arms

simultaneously. This integrated bridging function — connecting fork-derived damage sorting to



polarity-directed identity assignment through a single centrosome-localized hub — has not been

demonstrated as an integrated sequence.

4.3 Partition State and Selective Purging

The biology of selective purging is well established in multiple developmental contexts. In
thymic selection, T-cell precursors whose TCR signaling falls below a survival threshold are
eliminated by BIM-dependent apoptosis, while those with appropriate signaling receive BCL-2-
mediated survival (Strasser, 2005). In neuronal development, neurons compete for limiting
trophic factors, with those failing to establish appropriate connections eliminated through BAX-
dependent death (Oppenheim, 1991). In epithelial tissues, cell competition eliminates cells with
lower fitness relative to their neighbors through mechanisms involving the BCL-2 family and
mechanical signaling (Merino et al., 2016). In each case, the cell's internal state — its signaling
capacity, metabolic fitness, or competitive position — determines whether it survives or is
purged. No external evaluator is required; the selective pressure emerges from the cell's own

configuration interacting with its environment.

The model proposes that the same principle operates on partition-inherited states. A daughter
whose inherited organelle configuration and chromatin marks are coherent — commitment-
marked chromatin paired with commitment-configured organelles — deploys the shared
death/differentiation chemistry at the sub-lethal magnitude that Larsen et al. (2010) identified as
productive for chromatin reorganization. A daughter whose inherited configuration is incoherent
encounters sustained DDR signaling at mismarked addresses, which escalates the same
chemistry to lethal magnitude. The outcome is determined by the partition-inherited
configuration, not by a dedicated evaluation event. Daughters with coherent partitions

differentiate; daughters with incoherent partitions are purged through the same BCL-2 family-



dependent mechanisms that operate in thymic selection and neuronal competition, applied to the

partition context.

This account generates a specific prediction about cancer: the coupling between apoptotic
effectors and the DDR-repair chemistry should weaken in cancer, reflecting the loss of the
partition-dependent fitness selection that would normally connect the two. The coupling between
stem-program markers and the purging machinery should be preserved, while the coupling
between failed-commit markers and the same machinery should dissolve. Part 6 tests both

predictions.

Part 5 develops the cancer application of this architecture, in which partition failure
simultaneously disrupts both coherent differentiation and coherent death — the dual failure that

the model proposes distinguishes cancer cells from normal proliferating progenitors.

Part 5: Cancer as a Specific Failure of the Partition System

5.1 Reframing the Cancer Question

The model presented in Parts 2 through 4 describes a system in which cell fate is determined by
the combination of marks and enzymatic machinery each daughter inherits at mitosis, with the
partition systems of §3.2 ensuring that the combinations are coherent, the execution chemistry of
83.5 translating commitment into physical change, and the death modalities of Part 4 selecting
which terminal outcome the cell engages. The coordination this model predicts is quantifiable:
partition coupling varies systematically with regenerative capacity across normal tissues, and
execution partnerships are selectively reconfigured during differentiation while commitment-
address coordination is comparatively preserved (Figure 4). The model proposes that a cell with

an intact partition can differentiate coherently, and a cell with an intact partition can die



appropriately to its niche context. A cell whose partition has failed loses access to coherent
versions of both — though the severity of this loss varies with the tissue context and the nature
of the partition disruption. Within this framing, cancer may not be primarily a disease of
uncontrolled proliferation or of accumulated driver mutations alone (Vogelstein et al., 2013), nor
a disease in which signaling pathways have been hijacked to promote inappropriate growth.
Cancer is, the model proposes, interpretable as a convergent architectural state — disrupted
regulatory coordination, impaired partition-dependent fate resolution, and preserved execution
machinery — that diverse oncogenic lesions may produce through different molecular routes.
This framing offers not merely another hallmark to be added to the existing catalog (Hanahan &
Weinberg, 2011) but a mechanistic account of how disparate oncogenic events converge on a
shared architectural phenotype. ARC does not require partition failure to be the initiating lesion
in every cancer. Partition failure may be initiating, permissive, secondary, or selected during

progression depending on tissue context.

This framing has substantive consequences for how the cancer literature is read. Many recurrent
cancer loci — including APC, KRAS, TP53, SMAD4, and PIK3CA — contain G-quadruplex-
forming sequences in their promoter regions (Eddy & Maizels, 2006; Hansel-Hertsch et al.,
2017). These promoter G4 structures are among the addresses at which the write/erase matrix of
83.3 operates, and whose modifications must be partitioned correctly between daughters for
normal asymmetric division. An important distinction must be drawn: the canonical driver
mutations at these loci are primarily coding-region events (KRAS G12/G13/Q61 activating
mutations, APC truncating mutations, TP53 missense mutations in the DNA-binding domain)
that arise through mechanisms distinct from the promoter G4-localized mutagenesis the model

describes. The model does not claim that partition failure directly produces the specific coding



mutations that activate KRAS or inactivate TP53. Rather, the model proposes that partition
failure disrupts the regulatory coordination at G4-containing promoter addresses where the
write/erase program operates, and that this disruption produces a permissive cellular state in
which additional mutations — including the coding-region driver events — accumulate at
elevated rates because the selective purging machinery (§4.3) is no longer engaged. The testable
prediction is therefore specific to the regulatory layer: tissues with measurable polarity disruption
should show elevated mutation accumulation rates specifically at G-quadruplex-containing
regulatory addresses compared to partition-intact tissues, with the degree of elevation correlating

with the degree of polarity disruption.



Figure 4. ARC Coordination Architecture in Normal Tissues and Along Differentiation Trajectories

Coordination exists in normal tissues, varies with regenerative capacity, and is selectively reconfigured during differentiation.
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Figure 4. Coordination architecture across normal tissues and differentiation trajectories. Donor-level
pseudo-bulk Spearman correlations from the CZI CELLXGENE Census (2024-07-01 release). (A) Cross-
tissue NUMB x PARD3 gradient (n = 127 donors, seven pseudo-bulk cell types; intestinal crypt value
from within-cell-type analysis) ordered by regenerative capacity: intestinal crypt stem cells (p = -0.019),
podocytes (+0.486), type II pneumocytes (+0.540), collecting duct (+0.642), HSCs (+0.695),
myoepithelial (+0.829), hepatocytes (+0.858), proximal tubule (+0.915). (B) HSC — monocyte
trajectory: execution-pair mean (CLSPN x PCNA, DNMT1 x PCNA, PLK1 x AURKA) drops from
+0.937 (HSC, n = 9) to —0.031 (monocyte, n = 22), A = 0.968; commitment-pair mean (TDG x EZH2,
OGG1 x BAX, TDG x BAX, OGG1 x EZH2) drops from +0.875 to +0.708, A = 0.167. (C) Myeloid—
lymphoid routing: replication coupling inverts from CMP (+0.821, +0.868; n = 18) to CLP (-0.455,
-0.560; n = 18) while partition coupling maximizes in CLP (NUMB x PARD3 = +0.985, NUMB x
DLG1 = +1.000).

5.2 The Cancer Architecture: Dissociated Commitment Chemistry

The resolution architecture of §3.4 and the selective purging logic of §4.3 together generate a
specific prediction about what cancer cells should look like at single-cell resolution. A cell
whose partition has failed should show two coupled signatures. The chemistry that installs
commitment-direction sequence changes should remain engaged — the cell has entered the
commitment trajectory — but the helicase-dependent fidelity controls that would normally direct

that chemistry to lineage-appropriate addresses should be absent. Simultaneously, the fitness-



selection machinery that should purge daughters with incoherent partition states should be
decoupled from the commitment-direction marker. The prediction is not that cancer cells show
more mutagenic chemistry than normal cells. It is that cancer cells show a specific internal
dissociation: commitment chemistry operating without its paired controls, in a chromatin context

where the purging machinery no longer engages.

Because the same partition failure that produces rogue installation of sequence changes also
disables the selective purging that would normally eliminate daughters with incoherent marks
(84.3), the defective cells persist and accumulate additional changes across successive divisions
— a temporal dynamic consistent with the years-to-decades timeline of cancer development.
This dissociation should be visible within tumors that contain both stem-program and failed-
commit subpopulations. Cells expressing the stem-program marker should retain coordinated
coupling to both fidelity-providing helicases and fitness-selection machinery. Cells expressing
the failed-commit marker should show the opposite: TLS-associated chemistry engaged, helicase
fidelity excluded, and every component of the purging machinery decoupled. The two
subpopulations coexist in the same tumor but occupy architecturally distinct states. The coupling
values from the head-and-neck squamous carcinoma single-cell dataset of Puram et al. (2017),
where TP63-expressing cells (squamous stem program) and KRT5-expressing cells
(commitment-direction) provide the required within-tumor contrast, are reported in §6.5.1 and

displayed in Figure 5A.

The cytoplasmic-level signature of the same architecture should appear in the polarity-coupling
patterns tested across TCGA cohorts. The cortical polarity network of §3.2 — the distributed
system of NUMB, PARD3, PRKCZ, PRKCI, and DLG1 — should lose its regulatory coupling

in cancer while retaining the structural execution partnerships that the machinery requires for



proliferation. The model predicts that this dissolution should propagate outward from the cortical
polarity node, with the strongest disruption at direct polarity partners and attenuating signal at
more distal regulatory links. Part 6 tests this prediction across nine cancer types and reports the

distance-dependent attenuation pattern.

The combined prediction — chromatin-level dissociation of commitment chemistry from its
controls, plus cytoplasmic-level dissolution of polarity coupling with preserved execution
partnerships — constitutes the model's central architectural claim about cancer. The cancer cell is
not distinguished from its normal counterpart by the quantity of its molecular machinery. It is a
cell whose regulatory coordination has dissolved while its execution machinery remains intact.

Part 6 tests this claim quantitatively.

5.3 The IDH1 Coupling: A Tissue-Specific Gate

The cancer architecture described in §5.2 predicts that partition failure should produce different
phenotypes in different tissues, because different tissues organize their commitment chemistry
around different cofactor dependencies. One prediction is sufficiently grounded in established

biochemistry to test at protein level: the a-ketoglutarate gate.

The TET dioxygenases and the Jumonji-family histone demethylases that drive the R-to-C
transition require a-ketoglutarate as an obligate cosubstrate (Iyer et al., 2009; Tsukada et al.,
2006). In tissues where commitment depends heavily on these enzymes, the cytoplasmic supply
of a-ketoglutarate — produced by IDH1 — should be coupled to the commitment program. In
tissues where commitment uses cofactor-independent chemistry, no such coupling should exist.

The model predicts that IDH1 should be positively coupled to commitment-associated markers



specifically in lineages where aKG-dependent dioxygenase activity is rate-limiting for the R-to-

C transition, and uncoupled or anti-coupled in lineages where it is not.

The neural lineage is the clearest test case. Neural progenitor differentiation depends heavily on
TET-mediated demethylation (Hahn et al., 2013) and Jumonji-mediated histone demethylation at
lineage-specifying promoters. The model therefore predicts that IDH1 protein should be
positively coupled to regulatory coordination components specifically in glioblastoma and not in
cancers of other lineages. Part 6 tests this prediction across seven CPTAC proteomic cohorts,
with IDH1 x CDK®6 providing the primary protein-level test (§6.4). The hematopoietic lineage
provides an independent example: IDH1 R132H is oncogenic in both neural and hematopoietic
contexts, consistent with both lineages depending on «KG-dependent commitment chemistry.
The clinical differentiation response observed when IDH1-mutant AML is treated with
ivosidenib (DiNardo et al., 2018) is consistent with a gate-restoration interpretation — removing
the 2-hydroxyglutarate block allows TET-mediated commitment chemistry to resume — though

this clinical observation does not by itself demonstrate the model's specific architectural claim.

This tissue-restricted coupling is consistent with the observation that IDH1 R132H is oncogenic
specifically in the neural and hematopoietic lineages. The mutation produces 2-hydroxyglutarate
(Dang et al., 2009), which competitively inhibits the a-KG-dependent dioxygenases. In a tissue
where the R-to-C transition depends on these dioxygenases, 2-HG blocks commitment: the
lineage genes stay methylated, the cell remains in R-phase, and the result is the expanded
progenitor phenotype that characterizes IDH-mutant glioma and AML. In a tissue where the R-
to-C transition does not depend on a-KG (because the commitment gate uses a different cofactor

— for example, the APC-dependent spindle-orientation gate in intestinal epithelium), IDH1



R132H would be predicted to have minimal oncogenic effect because it poisons a gate the tissue

does not use

The clinical evidence is consistent with this interpretation. IDH1 and IDH2 inhibitors produce
terminal differentiation of AML blasts (Stein et al., 2017; DiNardo et al., 2018) and slow glioma
progression in patients with the corresponding mutations. The model interprets these agents as
re-opening the R-to-C gate by restoring a-KG availability and allowing the blocked dioxygenase
program to complete. The clinical observation that IDH inhibitors produce differentiation rather
than death — that the blasts mature into functional granulocytes rather than dying — is among
the strongest existing clinical observations consistent with the model's account of cancer as R-

phase trapping reversible by gate restoration.

5.4 Five Failure Modes Across Lineages

The partition failure described in §5.2 should be present across cancer types in the manuscript's
panel, but the specific phenotype the failure produces should vary between lineages because
different lineages organize their commitment chemistry differently. The five-mode classification
developed here identifies this variation: cancers differ in which architectural feature of the §5.2
failure they exhibit. The five modes are not mutually exclusive — cancers can show
combinations — but each mode anchors a distinct mechanism by which partition failure
expresses as a clinically distinguishable phenotype. The modes are presented as model-derived
hypotheses about how a common upstream failure produces lineage-specific downstream
phenotypes. Each mode is named, defined by its predicted architectural signature, and anchored
to a representative cancer type. The quantitative classification criteria and per-cohort
measurements are reported in Part 6 and Methods §9.6. The quantitative evidence supporting

each mode is in Part 6; therapeutic implications are consolidated in §7 (Figure 5).



Mode 1 — phase-specific cliff. In cancers where the commitment chemistry coupling is
preserved through GO/G1 and S phases and collapses sharply at G2/M — the phase where the
consequences of S-phase resolution decisions (helicase engagement versus TLS bypass) would
manifest as pre-mitotic commitment or its failure. TLS itself operates primarily during S-phase,
but the coupling signature of fidelity loss becomes measurable at the G2/M transition. The
predicted signature is phase-resolved: coupling between a commitment-direction lineage marker
and the HR machinery should be essentially zero through early phases but turn strongly negative
at G2/M, while stem-program cells in the same tumor retain positive coupling at all phases. The
Mode 1 architecture describes cells that maintain proper machinery engagement through DNA
synthesis but exclude the resolution controls precisely at the phase where their consequences
would normally lock in lineage-appropriate changes. HNSC is the model's exemplar for Mode 1,

tested in Part 6.

Mode 2 — Phase-uniform Lineage Decoupling. Where the failure targets a lineage program
rather than a phase boundary, the predicted signature is contrast: within a single tumor, one
lineage marker should be decoupled from the commitment chemistry at every phase, while a
different lineage marker in the same cells retains its coupling. The cells are configured to execute
commitment chemistry directed by the stem-program signature but not by the commitment-
direction signature, regardless of cell-cycle phase. The failure is at the lineage program rather
than at a phase boundary. GBM is the model's exemplar for Mode 2, where GFAP (astrocytic

commitment) and SOX2 (stem program) provide the within-tumor contrast, tested in Part 6.

Mode 3 — Progenitor Lock-in. Progenitor lock-in appears when the commitment chemistry
retains coupling to progenitor-stage lineage markers while losing coupling to mature-stage

markers. The predicted signature is a sign split between two lineage markers from the same



developmental hierarchy: the progenitor marker should couple positively with HR effectors
while the mature marker couples negatively or not at all. The cell can run commitment
chemistry, but only at addresses the progenitor program specifies. The chemistry that would
carry the cell forward to mature identity is decoupled. This is the predicted molecular substrate
of arrested differentiation — the cancer cell locked at the progenitor stage rather than at any
specific cell-cycle phase. HCC is the model's exemplar for Mode 3, where AFP (fetal progenitor)

and ALB (mature hepatocyte) provide the developmental-hierarchy contrast, tested in Part 6.

Mode 4 — TF-target Bifurcation. TF-target bifurcation appears when a master transcription
factor remains coupled to the commitment chemistry but its downstream target genes are not.
The predicted signature is a sign split between a TF and its canonical target: the TF should
couple positively with HR effectors while the target gene couples negatively. The master TF is
engaged with commitment chemistry but the gene that should execute the differentiation
program is not. The mechanism predicts cells in which TF-driven survival programs operate
independently of the differentiation program the TF normally specifies. PRAD is the model's
exemplar for Mode 4, where AR (master TF) and KLK3 (canonical AR target) provide the TF-
target contrast, tested in Part 6. The clinical benefit of olaparib in HR-deficient PRAD (de Bono
et al., 2020) is consistent with this Mode 4 architecture, and the model predicts that AR-driven

cancers without the KLK3 decoupling should show different therapeutic responses.

Mode 5 — Quiescent Evasion. Quiescent evasion appears when the failure is the absence of
daughter generation rather than the failure of daughters that are generated. The predicted
signature is at the phase-distribution level: cancer cells should avoid the selective purging that
accompanies division by not entering G2/M, producing a substantial reduction in the G2/M

phase fraction compared to matched normal progenitor cells. The few cancer cells that do reach



G2/M should show weakened commitment-direction coupling, consistent with lineage-coupling
loss even among the cycling fraction. AML is the model's exemplar for Mode 5, tested in Part 6
with the caveat that the CEBPA x BRCA2 comparison in the cycling fraction is a directional
observation at the resolution limit of 10x 3' scRNA-seq, not a definitive quantitative finding.

Definitive quantification requires higher-sensitivity methods such as SMART-Seq?2 or protein-

level CITE-seq.

Figure 5. Cancer Breaks ARC Coordination: R-Phase Trapping and Five Lineage-Specific Failure Modes
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Figure 5. Cancer coordination failure: R-phase trap and five lineage-specific failure modes. Partition-
dependent coordination dissolves in cancer, producing molecularly incoherent progeny despite intact
execution machinery. (A) Normal ARC progression versus cancer R-phase trap. (B) Within-tumor
dissociation of fidelity architecture in HNSC (Puram et al., 2017; n = 2,215 cancer cells, 18 patients;
GSE103322). Population-level Spearman p between lineage markers (TP63 stem-program, KRT5 failed-
commit) and helicase, TLS, and fitness-selection genes. TP63+ cells retain balanced helicase/TLS
coupling; KRT5+ cells show systematic helicase exclusion (BRIP1 p = —0.203, HLTF p = —0.190) with
TLS engagement (POLK p = +0.092, REV3L p = +0.097) and fitness-selection decoupling (NUMB p =
-0.004, APEX1 p = —0.013). Fidelity index: TP63+ = +0.003, KRT5+ = —0.213, shift = 0.216. (C) Five
lineage-specific failure modes. Mode 1, phase-specific cliff (HNSC, fidelity-index shift 0.216); Mode 2,
phase-uniform decoupling (GBM, EZH2 Ap = 0.584); Mode 3, progenitor lock-in (LTHC, AFP/ALB sign
reversal across 6/6 commitment-panel members); Mode 4, TF-target bifurcation (PRAD, BRIP1 Ap =
1.10); Mode 5, quiescent evasion (AML, HSC-like cycling 1.3-3.8%, CD34xBAX reversal Ap = 0.477,
IDH2 not IDH1 is the myeloid-coupled isoform). All five confirmed. Classification criteria in §9.6. (D)
Common root mechanism: partition failure — coordination dissolution — incoherent daughters —
therapy resistance.



5.5 The Coupling Architecture: Predictions Tested in Part 6

The model's specific quantitative predictions about cancer concern the coupling architecture
between model components, comparing cancer to normal tissue. Four predictions are stated here;
Part 6 reports the full computational battery including per-cohort effect sizes, control

comparisons, failures, and sensitivity analyses.

At the mark-installation level, NUMB's coupling to POLK, REV3L, and TOP2B should retain or
strengthen in cancer, reflecting the marking program's continued operation even when regulatory
coordination has dissolved. This prediction may be resolution-dependent: bulk transcriptomic
data dilute epithelial-specific signals with non-epithelial cells, and the prediction may hold only

when the analysis is restricted to the epithelial compartment.

At the polarity level, NUMB's coupling to the polarity network (PRKCZ, PRKCI, SCRIB,
PARD3, DLG1) should approach zero in cancer, with a specified threshold of absolute p below
0.05 at protein level. This is the most direct test of the partition-failure thesis: if the polarity
network that distributes fate determinants at mitosis is functionally intact, these couplings should

be preserved.

At the cross-category level, at least two inter-layer correlations should reverse sign between
normal and cancer tissue at statistically meaningful magnitudes, reflecting the dissolution of

cross-category coordination that the partition system normally maintains.

The most architecturally specific prediction concerns the layer hierarchy itself: the asymmetric-
division regulatory layer should lose internal coordination in cancer while the symmetric-

division structural layer should be preserved. If confirmed, this would constitute the manuscript's



central empirical finding — the separation of model gene pairs into regulatory (disrupted),

execution (preserved), and control (intermediate) categories.

A complementary prediction concerns whether the model axes most strongly associated with
cancer progression operate as a coherent co-regulated module across cancer types. If the
write/erase chemistry, fork protection, DDR sensing, and chromatin assembly components
constitute a shared program rather than independent tissue-specific responses, their pairwise
correlations should be consistently positive across diverse cancer types. Part 6 reports this test

across thirteen TCGA PanCanAtlas cohorts.

5.6 Protein-Level Evidence: The MFN1 Linkage

The model's predictions are tested at mRINA level in transcriptomic cohorts and at protein level
in CPTAC proteomic cohorts. The protein-level test most directly probes the broken-handoff
hypothesis: NUMB and MFN1 should be positively coupled in normal tissue (consistent with the
NUMB - MFN1 - OPA1 chain described in §3.2 that links cortical polarity to mitochondrial
outer-membrane fusion to inner-membrane cristae configuration), and this coupling should
weaken or reverse in cancer (consistent with breakage of the chain at its first link). The model's
specified criterion at protein level is that the NUMB x MFN1 correlation in normal tissue
exceeds the corresponding correlation in cancer cohorts, with the difference reproducible across

multiple CPTAC studies.

The protein-level test is critical because the chain's mechanistic interpretation depends on the
protein products being present and interacting, not merely on the transcripts being co-expressed.
A transcriptomic correlation could in principle reflect shared upstream regulation rather than

direct functional coupling. A protein-level correlation, particularly across multiple independent



cohorts, supports the model's interpretation that the relationship is mechanistic. The
interpretation is further supported by the molecular cell biology of MFN1: as the principal
mediator of mitochondrial outer membrane fusion, MFN1 activity is required for the inner-
membrane fusion that OPA1 mediates (Chen et al., 2003; Cipolat et al., 2004), and loss of MFN1
function disrupts the cristae configuration that the partition model requires. The protein-level

prediction therefore tests both the existence of the chain and its specific direction of function.

5.7 The Vogelstein Sequence as Consequence

The conventional account of colorectal cancer progression — the Vogelstein sequence (Fearon &
Vogelstein, 1990) — describes a temporal accumulation of driver mutations that proceeds
through definable stages. APC loss converts normal colonic epithelium to early adenoma. KRAS
activation drives adenoma growth. TP53 deletion enables transition to carcinoma. SMAD4 loss
permits metastatic progression. Each step is associated with a recurrent mutation at a specific
gene, and the genes' identities have been used to construct prognostic schemes and to guide

therapeutic stratification.

The model's interpretation of this sequence is that each step represents a different consequence of
an underlying process in which partition failure accelerates mutation accumulation through
missegregation of chromatin and mislicensing of the write/erase chemistry. APC normally
functions as both a Wnt pathway negative regulator (Clevers & Nusse, 2012) and a cytoskeletal
hub that participates in asymmetric mitotic spindle alignment in stem cells (Quyn et al., 2010;
Yamashita et al., 2003). The spindle-orientation function operates in parallel with asymmetric
centrosome inheritance: in Drosophila male germline stem cells, the mother centrosome remains
anchored near the niche while the daughter centrosome migrates to the opposite side of the cell

before spindle formation (Yamashita et al., 2007), establishing centrosome-level asymmetric



inheritance as an additional structural mechanism that, alongside polarity protein partitioning and
asymmetric histone segregation, implements the architectural asymmetry the ARC model
requires. APC loss simultaneously disinhibits Wnt signaling and disrupts spindle alignment,
producing both elevated stem-cell-program transcription and reduced asymmetric segregation in
a single mutational event. The combination — increased stem-program output without functional
asymmetry — places the cell in a state in which subsequent mutations accumulate at elevated
rates because the write/erase chemistry now operates without the partition that would normally
constrain its outputs. APC loss is therefore, in the model's interpretation, a partition-affecting
mutation, and its appearance early in the Vogelstein sequence is consistent with the model's
account that loss of partition asymmetry accelerates the accumulation of the downstream
mutations in the same sequence. Precedents for the missegregation and mislicensing components
of this proposed mechanism are discussed in §8.3 alongside the model's broader relationship to

existing cancer-biology models.

The subsequent steps in the Vogelstein sequence are, in this interpretation, downstream
consequences of the permissive cellular state that partition failure creates. The KRAS promoter
contains a G-quadruplex structure (Cogoi & Xodo, 2006), and the model proposes that
disordered write/erase chemistry at this and other G4-containing regulatory addresses contributes
to the elevated mutagenic environment. The specific coding-region mutations that activate
KRAS (G12, G13, Q61) are distinct from the promoter G4-localized mutagenesis and may arise
through conventional replication errors in the permissive, partition-disrupted state. TP53
accumulates the inactivating mutations that disable the cell's checkpoint response to the
persistent damage that the partition-failed cell generates. SMAD4 loss disables a TGF-3 pathway

component whose function is required for normal differentiation (Massagué, 2012), locking the



partition-failed cell in a state where commitment cannot proceed regardless of niche signal. In
the model's interpretation, each canonical driver mutation represents a step in which the
partition-failed cell loses one further mechanism for either repairing itself or being eliminated by

normal tissue defense systems.

This reinterpretation is testable. The model generates the testable hypothesis that tissues with
measurable polarity disruption — quantified through NUMB x polarity coupling or through the
MFN1-protein-level signature described in §5.6 — should show elevated mutation accumulation
rates at G-quadruplex-containing regulatory addresses compared to polarity-intact tissues of the
same lineage, with the magnitude of elevation correlating with the degree of polarity disruption.
The signature should be detectable in normal tissue from individuals with known partition-
disruption mutations (such as APC heterozygous carriers in familial adenomatous polyposis) at
sites of subsequent tumor development. Quyn et al. (2010) demonstrated that asymmetric spindle
orientation in intestinal stem-cell compartments — a marker of asymmetric segregation — is lost
in APC-heterozygous tissue before any morphological evidence of dysplasia, establishing that
partition disruption can be present in tissue that has not yet accumulated the full mutational
complement of frank cancer. The model's prediction extends this finding to a specific genomic
signature: G-quadruplex-containing promoters should show elevated mutation rates in APC-
heterozygous tissue compared to matched APC-wildtype tissue from the same anatomical site,
with the difference attributable to the disordered write/erase chemistry operating in partition-

disrupted cells.

Partial empirical support for the broader prediction exists in pre-malignant tissue data. Aghili et
al. (2014) identified somatic copy number alterations in apparently normal ovarian tissue and

peripheral blood of 423 ovarian cancer patients, and found that these alterations overlap



significantly with G-quadruplex sequences (as well as with Alu repeats), with rates elevated in
BRCA mutation carriers and in older individuals; some of the pan-cancer mutation hotspots in
tumors were also hotspots of somatic alterations in normal tissue. The observation that mutation
enrichment at G4-overlapping addresses in apparently normal tissue is measurable, and elevated
in individuals with repair-axis disruption, is consistent with the model's prediction. The Aghili
findings do not directly confirm the ARC mechanism, however: the alterations measured are
copy-number changes rather than the point mutations that the write/erase chemistry primarily
produces. The cohort is stratified by BRCA status rather than by polarity state. Alu overlap is co-
equal with G4 overlap as an enrichment driver. The specific test the ARC model proposes —
comparing point-mutation rates at G4 regulatory addresses between tissues stratified by polarity-

state characterization — has not been performed and remains an open prediction.

The Vogelstein reinterpretation suggests a revision of the classical two-hit hypothesis (Knudson,
1971) that clarifies the relationship between partition failure and conventional tumor
suppression. The model suggests that cancer may require the failure of two distinct protective
mechanisms rather than two alleles of the same gene: fate control (the partition and
differentiation system) and proliferation control (the p53/Rb/senescence checkpoint system).
Evidence consistent with this dual-failure model includes the finding by Caussinus and Gonzalez
(2005) that Drosophila neuroblasts carrying mutations in asymmetric division genes grew to over
100 times initial size, invaded neighboring tissues, and became immortal upon transplantation —
with genomic instability appearing weeks after transformation rather than initiating it. A single
defect in fate control was sufficient for tumorigenesis; proliferation-control failures emerged

later as secondary adaptations. The logic extends to the Vogelstein sequence: APC loss disrupts



fate control, while subsequent TP53 loss eliminates proliferation control. The dual failure

produces the cancer phenotype the model identifies.

5.8 Per-Cancer Predictions

Each failure mode generates a distinct therapeutic prediction tied to its defining architectural
feature. The per-cancer predictions below illustrate the model's capacity to generate testable
hypotheses from its architectural classification. The specific therapeutic strategies that follow
from each mode — including drug classes, sequencing predictions, and stratification criteria —
are consolidated in §7. Quantitative signatures supporting each mode assignment are reported in

Part 6.

In colorectal cancer, the model classifies the failure as a Mode 3 variant — progenitor lock-in at
the secretory-direction lineage program. The coupling signatures supporting this mode

assignment are reported in §6.5; therapeutic predictions in §7.

In hepatocellular carcinoma, the model classifies the failure as the Mode 3 archetype —
progenitor lock-in where the cell can run commitment chemistry but only at addresses the fetal

progenitor program specifies. Therapeutic predictions for Mode 3 are developed in §7.

In pancreatic cancer, the model classifies the failure as a Mode 1 variant — phase-specific
collapse of fidelity at the endocrine-commitment direction. The cohort's APOBEC3B
upregulation is consistent with the Mode 1 architecture: partition failure producing replication
stress that exposes single-stranded DNA, creating APOBEC3B-dependent mutagenesis as a
secondary mutation source (Burns et al., 2013; Roberts et al., 2013). The Mode 1 prediction is
that APOBEC3B inhibition should reduce the secondary mutation source without affecting the

primary partition failure.



In head and neck squamous cell carcinoma, the model classifies the failure as the Mode 1
archetype, with the most clearly predicted phase-specific cliff. The model predicts that fidelity
should collapse specifically at G2/M in the KRT5-expressing commitment-direction
subpopulation while TP63-expressing stem-program cells retain balanced fidelity at all phases.

Part 6 evaluates this prediction.

In prostate adenocarcinoma, the Mode 4 archetype — TF-target bifurcation where AR remains
coupled to commitment chemistry while KLK3 is decoupled — is confirmed quantitatively in

Part 6. Therapeutic predictions in §7.

In acute myeloid leukemia, the model classifies the failure as the Mode 5 archetype — quiescent
evasion of selective purging. The prediction is that leukemic cells avoid the fitness selection that
accompanies division by remaining in GO/G1. Gate-restoration strategies including IDH

inhibitors and agents that force cycle re-entry are developed in §7.

In glioblastoma, the model classifies the failure as the Mode 2 archetype — phase-uniform
lineage decoupling where the astrocytic-commitment program is decoupled from commitment
chemistry at every cell-cycle phase while the stem program retains its coupling. Therapeutic

predictions for Mode 2 are developed in §7.

The five failure modes and per-cancer predictions developed above are model-derived
hypotheses whose clinical validation will require trials specifically designed to test mode-based
stratification. The quantitative signatures supporting each mode assignment are reported in Part
6, and the classification of cancers outside the manuscript's panel into modes remains an open

task.



Part 6: Computational Evidence

6.1 Approach: Pair Coupling as a Readout of Coordination

The computational evidence in this Part uses a specific analytical approach: pairwise Spearman
correlation between mechanistically specified gene pairs, compared across conditions (normal
versus cancer tissue, across cell types, along differentiation trajectories). This approach —
differential co-expression analysis — has an established methodological literature (reviewed by
Kayano et al., 2014; see also WGCNA, Langfelder & Horvath, 2008). What distinguishes the
present application is that the pairs are specified by the model's architecture rather than
discovered from data, and the changes in coupling are interpreted through the functional
framework developed in Parts 2-5. The pair-coupling approach infers coordination state from
changes in pairwise correlation: if two genes that the model identifies as jointly required for a
specific function lose their coordination in a disease state while maintaining similar expression

levels, this is evidence that the function is disrupted even though the components are present.

Three points about the correlational evidence that follows bear stating at the outset. Spearman
correlations in transcriptomic data can demonstrate statistical association, reproducibility across
independent datasets, and patterns consistent with mechanistic hypotheses. They cannot
demonstrate causation, distinguish direct from indirect regulatory relationships, or exclude
confounding by cell-type composition, shared upstream regulation, or technical artifacts. The
protein-level CPTAC data and single-cell analyses partially address these limitations but do not
eliminate them. The evidence presented here is therefore a test of consistency — whether the

predicted coupling patterns exist in the data — rather than a proof of mechanism.

A point concerns the relationship between the pair classification and the statistical tests. The

assignment of gene pairs to regulatory versus execution categories, and the correlation analyses



that test whether these categories behave differently, were developed iteratively during the
model's construction — not specified in a registered analysis plan. The statistical tests therefore
demonstrate the robustness and magnitude of the pattern rather than the probability it would have
emerged from a fully pre-specified analysis. A permutation null test partially addresses this:
randomly assigning 28 of 36 pairs to "regulatory” 10,000 times, zero of 10,000 permutations
(empirical p <1 x 10-4) produce a separation as large as the actual classification. An independent
replication using 22 non-model regulatory pairs and 6 non-model execution pairs with zero gene
overlap with the model panel reproduces the separation at matching effect sizes (independent
regulatory |Ap| = 0.170 versus model 0.1815; independent execution |Ap| = 0.065 versus model

0.0396).

The primary transcriptomic source is the UCSC Xena TCGA HiSeqV?2 repository, from which
nine cancer types with adequate matched adjacent-normal tissue were selected: breast (1,097
tumor, 114 normal), kidney clear cell (533/72), lung adenocarcinoma (515/59), lung squamous
(502/51), thyroid (505/59), liver (371/50), colon (286/41), head and neck (520/44), and stomach
(415/35), totaling 4,744 tumor and 525 normal samples. mRNA expression values are
log2(RSEM+1) normalized. Correlations are computed per cohort as Spearman rank coefficients
(chosen for robustness to outliers and non-normal distributions; Schober, Boer & Schwarte,
2018) and pooled across cohorts using the Fisher z-transform with n—3 inverse-variance weights

(Fisher, 1921).

Protein-level validation uses the cBioPortal CPTAC protein quantification data from seven
cohorts (breast, colon, glioblastoma, lung adenocarcinoma, lung squamous, pancreatic, and
uterine), totaling 729 patients, providing protein-level validation independent of transcriptional

regulation.



Single-cell resolution uses two RNA sequencing datasets from colorectal cancer: Lee et al.
(2020; GSE132465; 63,690 cells from 23 Korean colorectal cancer patients yielding 33 tumor
and normal pseudo-bulk samples — the Korean (SMC) cohort component of Lee et al.'s 91,103-
cell, 29-patient (23 Korean + 6 Belgian) published atlas — with 8 patients contributing matched-
normal samples) and Pelka et al. (2021; GSE178341; 370,115 cells [the post-QC analyzed subset
of Pelka et al.'s 371,223-cell published atlas] from 62 patients, with 35 contributing matched
normal epithelium). Single-cell data are analyzed as pseudo-bulks — sums per patient, tissue
type, and cell compartment, restricted to pseudo-bulks containing at least 30 cells — followed by

CPM normalization and log1p transformation.

Cross-species conservation testing uses the Haber et al. (2017; GSE92332) mouse intestinal
atlas, specifically the 1,522-cell SMART-Seq?2 subset of Haber et al.'s combined 53,193-cell

atlas, across 11 cell types.

Three analytical lenses are applied to each prediction. The bulk TCGA comparison asks whether
the correlation between two model genes differs systematically between matched tumor and
normal tissue, quantified as Ap = p_tumor — p_normal. The CPTAC protein test asks whether the
protein-level relationship in cancer cohorts matches the model's prediction. The single-cell
pseudo-bulk test asks whether the between-patient regulatory coordination of model components
differs between normal and tumor epithelium at cellular resolution. These three levels answer
mechanistically distinct questions: bulk mRNA captures tissue-wide co-regulation including
non-epithelial dilution; protein captures the post-translational reality most proximal to function;
single-cell pseudo-bulk captures epithelial-specific between-patient coordination of model
programs. The model's predictions specify expectations at each level, and discordances between

levels are interpreted as informative rather than contradictory.



The four specified criteria are stated in §5.5 of Part 5 and evaluated in §6.3 below without
modification to the quantitative thresholds. Where the directional logic of a criterion required
correction after examination of the results, both the original and corrected formulations are

reported.

The "190 specified correlation tests" referenced throughout this Part decomposes as follows: 61
model gene pairs evaluated across the bulk TCGA, CPTAC protein, and single-cell pseudo-bulk
resolutions where each pair could be evaluated, plus 50 control pairs (housekeeping genes
crossed with model genes) evaluated at the same resolutions where data permitted. Of the 61
model pairs, 36 met both data-coverage and classification criteria for inclusion in the two-class
analysis reported in §6.2 (28 Class I regulatory coordination + 8 Class II execution partnership).
One pair (BLM x WRN) was excluded as an ambiguous paralog pair. The remaining 24 pairs
either did not have sufficient matched-normal coverage across the nine TCGA cohorts for
confident Ap estimation or did not meet the molecular criteria that distinguish regulatory
coordination from execution partnership, and are excluded from the class-level analysis without
being post-hoc reassigned. The full pair-by-resolution table is preserved in the analysis output

files listed in §9.7 for independent verification.

6.2 The Coordination Pattern in Cancer: Selective Dissolution

The 61 model gene pairs tested across nine TCGA cohorts with matched normal tissue separate
into two behaviorally distinct classes. This separation is the manuscript's principal quantitative
finding (full pair-level data in Table S2 and supplementary_class_separation.csv). The specified
criteria predicted that regulatory coupling should weaken in cancer while execution coupling
should be preserved; the robust statistical separation between the two classes emerged from the

data and was not itself predicted in advance. Instead, the data reveal a pattern of surgically



selective change in gene co-regulation: the correlations that reflect regulatory coordination
change substantially (22 of 28 weaken, 6 strengthen — both representing departure from the
normal-tissue pattern), while those that reflect structural execution partnerships show minimal

change.

Seventeen pairs show systematic coupling weakening or directional change in cancer. These are
regulatory coordination pairs — relationships between genes whose co-regulation reflects a
shared regulatory program rather than a structural obligation. The group includes the NUMB-to-
polarity connections (NUMB with PRKCZ, PRKCI, DLG1, and PARD3), the death-to-nuclease
coupling (BAX and BAK1 with APEX1), the base excision repair coordination axis (TET2 with
TET3 and TDG, OGG1 with MUTYH, NEIL1 with XRCC1), the chromatin writer-eraser pairs
(EZH2 with KDM6A and KDM6B, KDM1A with KDM5A), and the CDKG6 regulatory
connections (CDK6 with CCND1 and E2F1). Two pairs that satisfy regulatory rather than
execution criteria (86.2, Class II paragraph) are also included: FANCD2 x BRCA1 (which has |
Ap| = 0.107, consistent with regulatory disruption rather than execution preservation) and MFN1
x OPA1 (whose Ap = +0.223 reflects compensatory strengthening of a sequential process
dependency when the upstream regulatory layer dissolves — a Class I behavior with positive
sign, discussed further below). Across the full Class I inventory, the mean absolute change in
Spearman correlation between normal and tumor tissue is 0.182. Among the original fifteen
weakening pairs, the direction is unanimous: all fifteen weaken in cancer, with zero exceptions.
The full computational inventory tested 28 Class I pairs (the seventeen described here plus
eleven additional pairs from the broader gene panel — including NUMB x SCRIB, NUMB x

POLK, CDK6 x RB1, CDK4 x CDK6, BAX x OGG1, and others — that met data-coverage



criteria; the complete list is in Table S2). The statistics reported below use the full 28-pair

inventory.

Eight pairs show preserved coupling with no consistent directional change. These are physical
partnership pairs — relationships between gene products that form obligate complexes or operate
in obligate sequence at the replication fork or in mitosis, as evaluated against five molecular
criteria: (1) demonstrated direct physical binding, (2) shared subcellular compartment, (3)
absence of partner-independent functions, (4) constitutive versus sequential association, and (5)
whether transcriptomic co-expression primarily reflects stoichiometric complex formation or
shared regulatory programming. The group includes the four CLSPN fork-protection connections
(CLSPN with PCNA, ATR, CHEK1, and PARP1), the fork-coupled maintenance pair DNMT1
with PCNA, the Fanconi anemia ID complex (FANCI with FANCD2), the mitotic kinase
partnership (PLK1 with AURKA), and the CDK4-associated proliferative pair (CDK4 with
CCNDL1). Across these eight pairs, the mean absolute change is 0.040 — more than three-fold
smaller than the regulatory class — and the direction is mixed: some weaken modestly, some
strengthen modestly, with no consistent bias. Three pairs that might appear to be execution
partnerships were evaluated against the five criteria above and classified differently: MFN1 x
OPA1 (classified as Class I because OPA1 has MFN1-independent cristae remodeling functions
and the two proteins reside in different mitochondrial membranes; Frezza et al., 2006; Rosselin
et al., 2017), FANCD2 x BRCA1 (classified as Class I because both proteins have extensive
partner-independent functions and their interaction is damage-induced rather than constitutive;
Bunting et al., 2012), and BLM x WRN (excluded as an ambiguous paralog pair — both are
RecQ family helicases causing different diseases with non-overlapping substrate specificities and

no demonstrated direct heterodimeric complex).



Two additional pairs gain coupling in cancer: BRCA1 with RAD51 (Ap = +0.174) and TET1
with TET3 (Ap = +0.175). Both changes are positive, representing strengthening of co-
expression in cancer. MFN1 x OPA1 (Ap = +0.223) is classified as Class I (see Class II
paragraph above for molecular criteria). The same C1-C5 criteria classify the remaining two
pairs. BRCA1 x RAD51 is Class I: the BRCA1-to-RAD51 loading pathway is indirect
(BRCA1-PALB2 - BRCA2 - RAD51), both proteins have extensive partner-independent
functions, and their co-expression reflects shared cell-cycle and damage-response regulatory
programming rather than stoichiometric coupling. The positive Ap represents compensatory
tightening — cancer cells increase HR activity as a survival mechanism, strengthening the
BRCA1-to-RAD51 co-expression even as the regulatory architecture that should direct HR to
appropriate targets dissolves. TET1 x TET3 is excluded as a paralogous enzyme pair — like
BLM x WRN, they are independently functioning dioxygenases with no heterodimeric complex,
different tissue distributions, and co-expression that reflects shared epigenetic regulatory
programming rather than mutual dependency. The positive Ap likely reflects cancer cells'
increased reliance on TET-mediated demethylation for epigenetic plasticity. All three
strengthening pairs are thus resolved: two as Class I compensatory strengthening (MFN1 x

OPA1, BRCA1 x RAD51) and one excluded as an ambiguous paralog (TET1 x TET3).

The statistical separation between Class I and Class II is robust. A Mann-Whitney U test
comparing the absolute Ap distributions of the literature-grounded classification (28 Class I
versus 8 Class II, with MFN1 x OPA1 and FANCD?2 x BRCA1 classified as Class I on the
molecular criteria described in the Class II paragraph above, and BLM x WRN as an ambiguous
paralog pair) yields p = 8.53 x 1075. When the analysis is restricted to core regulatory pairs —

excluding the distal periphery where disruption signal attenuates with regulatory chain distance



(see below) — the separation tightens to p = 3.22 x 1077 (25 Class I versus 8 Class II). A
bootstrap analysis with 10,000 resamples confirms the mean absolute Ap difference excludes
zero across all four classification scenarios tested (conservative, strict, core-only, original). A
leave-one-out sensitivity analysis confirms that no single pair drives the finding: removing any
individual pair from either class produces p < 1.10 x 105, and simultaneously removing the three
highest-impact Class I pairs (CDK6 x E2F1, NUMB x PRKCZ, NUMB x PARD3) still yields p
= 1.86 x 1075, The separation is not complete at the rank level: six Class I pairs have absolute Ap
values below the Class IT maximum of 0.107 (FANCI x FANCD2). These six are all distal
regulatory chain links (NUMB-to-mitochondrial or CDK-to-downstream pairs) whose low
disruption reflects signal attenuation with regulatory distance — a finding discussed below as

evidence for the directional architecture of the regulatory dissolution.

Two additional comparisons anchor this finding against the null distribution. Class I pairs show
significantly larger absolute Ap than 50 control pairs (housekeeping genes crossed with model
genes; Mann-Whitney p = 4 x 10-%), confirming that the regulatory disruption exceeds what
random gene pairs experience. Class II pairs show significantly smaller absolute Ap than the
same controls (p = 0.003), confirming that the physical partnerships are not merely undisrupted
but are more stable than random pairs — they are actively maintained. The combined result —
regulatory pairs more disrupted than random, physical partnerships more preserved than random,
and the two classes robustly separated from each other — would be unlikely to arise from post-

hoc classification of arbitrary gene pairs.

The two-class pattern maps directly onto the functional classification defined in Part 2. The Class
I pairs whose coupling is disrupted in cancer are primarily regulatory coordination pairs —

relationships between gene products that participate in the coordinated programs the partition



system organizes. NUMB x polarity proteins, CDK6 X licensing partners, and BER coordination
pairs are all regulatory coordination components: they are not structurally obligate (the gene
products do not form constitutive physical complexes), and their co-regulation reflects a shared
regulatory program rather than a structural necessity. FANCD2 x BRCA1 and MFN1 x OPA1
are classified as Class I because both have extensive partner-independent functions and their
transcriptomic co-expression reflects shared regulatory programming rather than stoichiometric
complex requirements. The eight Class II pairs whose coupling is preserved are the most
stringently validated execution partnerships — relationships between gene products that form
obligate complexes or operate in constitutive obligate sequence at the replication fork or in
mitosis. CLSPN x PCNA, FANCI x FANCD2, PLK1 x AURKA, and DNMT1 x PCNA all
score 4/5 or 5/5 on the five molecular criteria for constitutive physical partnership. CCND1
appears in both classes because it activates both CDK4 and CDKG6: paired with CDK4 it forms a
stoichiometric kinase-cyclin complex (Class II, preserved), while paired with CDK®6 it
participates in a broader regulatory coordination that includes CDK6's kinase-independent

chromatin functions (Class I, weakening).

To address potential circularity in this mapping, four independent considerations apply. The
functional assignments are derived from molecular-biological criteria (whether the gene products
form obligate physical complexes, whether their co-regulation reflects shared transcriptional
control versus structural coupling) that are independent of the transcriptomic data — the C1-C5
criteria and their per-pair scores (Table S3) can be evaluated by any reviewer using the cited
literature without reference to Ap values. The unanimity of the Class I direction (15 of 15 named
weakening pairs, zero exceptions) is not a property the classification criteria could have

engineered: the criteria specify which pairs are regulatory but do not specify which direction the



regulatory disruption should run, so the directional consistency is an empirical finding
independent of the classification method. The sensitivity analysis (§6.2) demonstrates that the
statistical separation holds across four alternative classification scenarios, including one with
broader Class IT membership and one with a stricter threshold, confirming that reasonable
reclassification choices do not drive the finding. The independent control analysis using 22
regulatory and 6 execution pairs with zero gene overlap with the model panel reproduces the
same pattern (86.2), confirming that the separation is a property of gene-pair biology rather than
of this specific panel. The class structure of the data is consistent with the functional
classification: an architectural classification based on molecular criteria predicts a quantitative
separation in transcriptomic data, with robust separation between the predicted classes and a

directional consistency that the classification did not specify in advance.

An alternative explanation must be considered and addressed. Could the two-class pattern arise
from general regulatory simplification in cancer — a non-specific loss of regulatory coordination
that would affect all regulatory pairs regardless of model membership? If cancer merely
simplified gene regulation, then any random set of regulatory pairs should show comparable
disruption, and any random set of structural partnerships should show comparable preservation.
The control analysis directly tests this alternative. The fifty control pairs (housekeeping genes
crossed with model genes) show a mean absolute Ap of 0.124 — intermediate between Class I
(0.1815) and Class II (0.0396). Model regulatory pairs are significantly MORE disrupted than
random pairs, and model physical partnerships are significantly MORE preserved than random
pairs. The selectivity is therefore not general regulatory simplification — it is specifically
targeted at the partition-system components that the model identifies, disrupting the regulatory

coordination layer more than random and preserving the execution layer more than random. A



generic loss of regulatory complexity would produce disruption in the Class I range for all
regulatory pairs; instead, the model's Class I pairs are selectively more disrupted than controls,
and the model's Class II pairs are selectively more preserved than controls. Both directions of

selectivity must be explained, and the model's functional classification explains both.

The class separation also exhibits a structural feature that was not predicted in advance but that
the model's architecture explains. The magnitude of regulatory disruption attenuates with
regulatory chain distance from the core polarity node. NUMB x PARD3 (direct polarity partner, |
Ap| = 0.359) shows the strongest disruption. NUMB x DLG1 (extended polarity scaffold, |Ap| =
0.268) and NUMB x PRKCZ (direct polarity partner, |Ap| = 0.250) are in the same tier. NUMB x
PRKCI (extended polarity, |Ap| = 0.189) is intermediate. The cross-compartment links to
organelles show weaker disruption: NUMB x MFN1 (outer mitochondrial membrane, |Ap| =
0.132), NUMB x TOP2B (nucleus, |Ap| = 0.109), and NUMB x OPA1 (the most distal link, to
the inner mitochondrial membrane, |Ap| = 0.093). The attenuation spans approximately four-fold
from 0.359 at the cortex to 0.093 at the inner mitochondrial membrane, with the cortical polarity
partners showing the strongest disruption and the cross-compartment links the weakest. This
distance-dependent attenuation is consistent with the model's account that partition failure
originates at the cortical polarity level and propagates outward through the organelle inheritance
chain. The six Class I pairs that overlap with the Class II range in absolute Ap (below the Class II
maximum of 0.107 for FANCI x FANCD?2) include the most distal NUMB cross-compartment
links — they are not misclassified execution pairs but rather regulatory pairs where the

disruption signal has attenuated to a magnitude comparable to the execution-pair floor.

A sensitivity analysis confirms that the class separation is robust to reasonable classification

choices. Four scenarios were tested: (1) the conservative classification (28 Class I versus 8 Class



I, p = 8.53 x 107%), (2) a strict classification excluding three marginal Class II pairs that score 2—
3/5 on the molecular criteria (28 versus 6, p = 3.42 x 1077), (3) a core-only analysis excluding the
distal Class I periphery (20 versus 8, p = 3.22 x 1077), and (4) an alternative classification with
broader Class IT membership (22 versus 8, p = 8.53 x 1076). The finding is significant under all
four scenarios. The full C1-C5 scoring for each pair, with literature citations for every criterion

score, is provided in Table S3.

An independent control analysis tests whether the Class I/1I pattern reflects the model's specific
gene selection or a general property of any comparably classified gene pairs. Twenty-two
independent regulatory pairs (kinase-substrate cascades and transcription factor programs: EGFR
x SOS1, BRAF x MAP2K1, AKT1 x MTOR, JAK2 x STAT3, TP53 x CDKN1A, NOTCH1 x
HES]1, and others — no gene overlap with the model panel) were computed on the BRCA TCGA
cohort (n = 1,097 tumor, n = 114 normal). Their mean absolute Ap is 0.170, closely matching the
model's Class I mean of 0.1815. Six independent replication-essential execution pairs (MCM2 x
MCMS5, MCM3 x MCM?7, RFC2 x RFC5, POLR2A x POLR2B, NDC80 x NUF2, SMC1A x
SMC3) show mean absolute Ap of 0.065, closely matching the model's Class II mean of 0.0396.
However, nine independent physical complexes involved in tissue biology rather than replication
— proteasome subunits, nuclear pore components, adherens junction proteins, and chaperonin
pairs — show mean absolute Ap of 0.315, significantly higher than the replication-essential pairs
(p = 8 x 104, Mann-Whitney U, one-sided). The implication is that the model's Class II
specificity is biological, not methodological: cancer does not preserve all physical complexes but
specifically preserves the replication and mitotic execution machinery it requires to proliferate,
while tissue-remodeling-associated complexes are disrupted according to the tissue's cancer

biology.



6.3 Pre-Specified Criteria Assessment

The four specified criteria stated in §5.5 are evaluated here against the full computational results.
Quantitative thresholds are not modified after testing. Where the directional logic of a criterion

required correction, both formulations are reported.

The mark-installation criterion predicted that NUMB's coupling to the mark-installation arms
(POLK, REV3L, TOP2B) should be stronger in cancer than in normal tissue. At bulk mRNA
level across nine TCGA cohorts, NUMB % POLK changes from p = +0.264 in normal to +0.307
in tumor (Ap = +0.043), and NUMB x REV3L from +0.240 to +0.280 (Ap = +0.040) — both
essentially unchanged. NUMB x TOP2B weakens from +0.266 to +0.157. The prediction is not
supported at bulk resolution. However, in the Lee 2020 single-cell analysis restricted to epithelial
cells, NUMB x POLK strengthens from p = +0.429 in normal epithelial pseudo-bulks to +0.627
in tumor epithelial pseudo-bulks. The criterion is partially met at single-cell resolution: the
marking-arm coupling does strengthen, but only when the analysis is restricted to epithelial cells,

consistent with non-epithelial dilution masking the effect in bulk.

The polarity-dissolution criterion predicted that NUMB's coupling to the polarity network should
approach zero in cancer, with the specified threshold of absolute p below 0.05. At protein level
across seven CPTAC cohorts, three of three aPKC-axis pairs meet this threshold: NUMB x
PRKCZ at absolute p = 0.005, NUMB x PRKCI at 0.041, and NUMB x SCRIB at 0.013. At
mRNA level, the polarity coupling weakens substantially: NUMB x PRKCZ drops from p =
+0.263 in normal to +0.013 in tumor (a 95 percent reduction), and NUMB x PARD3 undergoes a
sign reversal from +0.338 to —0.021, exceeding the control 95th percentile at absolute Ap =
0.359. In the Pelka 2021 single-cell data with 35 matched normal pseudo-bulks, NUMB X

PRKCI shows the largest decoupling of any pair in the entire dataset (Ap = —0.415;



independently validated at Ap = —0.33 using partial byte-plane extraction, confirming direction
and approximate magnitude; see §9.5). This criterion is supported across all three data sources

and both molecular levels.

The sign-reversal criterion predicted at least two inter-layer sign reversals between normal and
cancer tissue, at statistically meaningful magnitudes. At bulk mRNA level, one clear reversal is
observed (NUMB x PARD3, from +0.338 to —0.021). In the Lee 2020 single-cell pseudo-bulks,
three sign reversals exceed absolute Ap of 0.3. In the Pelka 2021 pseudo-bulks, two reversals
exceed absolute Ap of 0.3: CDK6 x E2F1 (from +0.174 to —0.191) and EZH2 x KDM6A (from
—0.092 to +0.289). For context, the control null distribution has its 95th percentile at |Ap| =
0.310, meaning fewer than 5% of random gene pairs would exceed |Ap| = 0.3 under the null;
fewer still would be expected to exceed 0.5. The three reversals above 0.3 in Lee 2020 are at the
margin of the null threshold. The two reversals above 0.3 in Pelka are at the margin of the null
threshold and are informative primarily as directional confirmation of the Lee 2020 finding
rather than as independently significant observations. The specified threshold of at least two
reversals is met in both single-cell datasets and approached in the bulk data. The criterion is

supported, with the single-cell resolution providing the strongest evidence.

The layer-decoupling criterion predicted that the asymmetric and symmetric gene-regulation
layers should decouple in cancer. The within-asymmetric-layer coupling (mean absolute
Spearman correlation among partition-system pairs) decreases from 0.277 in normal to 0.220 in
tumor, a reduction of 21 percent. The within-symmetric-layer coupling (among fork-protection
and repair-execution pairs) is unchanged: 0.526 in normal, 0.534 in tumor. Cross-layer coupling
decreases from 0.143 to 0.114, a reduction of 20 percent. All three components of the prediction

are supported: the asymmetric layer weakens internally, the symmetric layer is maintained, and



cross-layer coordination decreases as a consequence of the one-sided dissolution. The two-class
separation described in §6.2 is the pair-level expression of this layer-level prediction: Class I
pairs are the asymmetric layer's internal coordination; Class II pairs are the symmetric layer's
structural partnerships; and the robust statistical separation between the two classes is the

quantitative demonstration that one layer collapses while the other holds.

In summary, three of four specified criteria are supported (polarity dissolution, sign reversals,
layer decoupling), and one is partially supported with a resolution qualification (marking-arm
coupling is epithelial-specific). No criterion is contradicted — the marking-arm prediction is not
wrong, the resolution qualification identifies a more precise and testable formulation (epithelial-

specific, resolution-dependent).

6.4 Mechanistic Findings: BER Collapse, Fork Protection, and Write/Erase
Subsystems

Several specific mechanistic findings emerge from the battery that were not anticipated in the

specified criteria but are informative for the model's broader claims.

The CDKG6 regulatory axis is selectively disrupted in cancer while CDK4 is preserved, consistent
with the Class I/II distinction introduced in §2.2. CDK6 x CCND1 shows weaker coupling in
tumor (p = —0.0568) compared to normal tissue (p = +0.2269, Ap = —0.2837), and CDK6 x E2F1
weakens from +0.1095 to —0.1344 (Ap = —0.2439). CDK4 x CCND1, by contrast, is unchanged
at Ap = +0.0069. In the Pelka single-cell data, CDK6 x E2F1 shows a full sign reversal (from
+0.174 to —0.191, Ap = —0.365), independently confirming the TCGA bulk finding at cellular
resolution. The differential behavior is consistent with CDK6's established kinase-independent
transcriptional functions (Kollmann et al., 2013) placing its regulatory relationships in a different

vulnerability class from the structural kinase-substrate coupling of CDK4 with cyclin D1.



The CLSPN fork-protection module is robustly preserved across all conditions tested. The four
CLSPN pairs (with PCNA, ATR, CHEK1, and PARP1) show absolute Ap below 0.08 in every
case, well within the control null distribution. In the Pelka single-cell data, CLSPN x PCNA
yields Ap = +0.068, independently confirming preservation at cellular resolution. The model
interprets this through the established baseline that parental histones segregate to both daughter
strands during DNA replication with a slight leading-strand bias (Petryk et al., 2018) and that
MCM2-dependent and CLASPIN-dependent histone-handling activities act to balance this
distribution: in fission yeast, Mrc1/CLASPIN functions as a central coordinator of symmetric
parental histone inheritance (Charlton et al., 2024), with mutations in its connector domain
disrupting segregation to the lagging strand and producing asymmetric loss of H3K9me-
mediated silencing. The stability of the CLSPN-CHEK1 complex is itself maintained by DNA-
PKcs (Lin et al., 2014), connecting the fork-protection module to the DNA damage kinase axis.
Symmetric histone inheritance may be selectively advantageous in cancer (both daughters
receiving equivalent chromatin), so the fork-protection module may be preserved because it
serves the functional requirements of undifferentiated self-renewal in cancer. The preservation
could also reflect the structural necessity of fork protection for any dividing cell, cancerous or

not.

The base excision repair coordination network collapses as a unit (for BER pathway
coordination, see Krokan & Bjgras, 2013; Beard et al., 2019): TET2 x TET3 (Ap = —0.230),
TET2 x TDG (Ap = —0.201), OGG1 x MUTYH (Ap = —0.208), and NEIL1 x XRCC1 (Ap =
—0.240) all weaken by similar magnitudes, consistent with coordinated loss of the BER decision-
making program. The writer-eraser pairs EZH2 x KDM6A (Ap = —-0.193) and KDM1A x

KDMS5A (Ap = —0.190) show comparable disruption. The insulator and AT arm components,



tested in the Xena-based BRCA tumor-versus-normal comparison (n = 1,097 tumor, 114
normal), show the same pattern: NIPBL x RIF1 (cohesin loading, Ap = —0.188), TOP2B x
EP300 (AT arm, Ap = —0.171), and CTCF x TET?2 (insulator regulatory, Ap = —0.234) all
weaken, while the fork-coupled maintenance methyltransferase DNMT1 x PCNA is unchanged

(Ap = +0.015) and the cohesin structural pair STAG1 x RIF1 is preserved (Ap = +0.031).

This pattern is consistent with the two-class distinction at a finer grain: the regulatory
coordination that determines which base excision pathway to activate (the "decision" about
whether to excise or retain a modification) is disrupted, while the structural coupling of the
methylation maintenance machinery to the replication fork (the "execution" of maintenance
methylation) is preserved. Cancer retains the ability to methylate during replication; it loses the
ability to coordinate the erasure decisions that would produce lineage-appropriate demethylation.
At the three-dimensional genome level, the cohesin complex (structural) is intact, but the
regulatory program that determines where boundaries are established and which enhancer-

promoter pairs interact is selectively dissolved.

The results in §6.2-6.4 are consistent with the model's prediction of selective regulatory
dissolution: the two-class pattern separates with statistical robustness, the BER coordination
network collapses as a unit, and the insulator arm splits between preserved structural components

and disrupted regulatory components.

6.5 The Model Across Lineages
The Pelka 2021 CRC atlas provides the strongest replication cohort in the battery: 370,115 cells

(the post-QC analyzed subset of Pelka et al.'s 371,223-cell published atlas) from 62 patients, with

35 patients contributing matched tumor and normal epithelial pseudo-bulks — more than four



times the normal sample size of the Lee 2020 dataset. Extraction of the 49-gene model panel
from this dataset required engineering a custom pipeline because the deposited h5 file stores its
764-million-entry sparse matrix as single gzip-compressed chunks with a shuffle filter, making
conventional h5py access impossible within available memory. The workaround — raw zlib
stream decompression to disk followed by numpy-vectorized unshuffle via memory-mapped file
access — is documented in the Methods (Part 9) and produces results identical to standard

sparse-matrix extraction on test subsets.

The Pelka results replicate the key TCGA findings at single-cell resolution. NUMB x PRKCI
shows Ap = —0.415, the largest decoupling of any pair tested in any dataset. CDK6 x E2F1
shows a sign reversal (Ap = —0.365). CLSPN x PCNA is preserved (Ap = +0.068). Two sign
reversals exceed absolute Ap of 0.3, meeting Criterion 3 in an independent cohort. The overall
pattern of regulatory disruption with execution preservation replicates across datasets despite the
substantial differences between them: Lee 2020 sampled 23 Korean patients (the SMC cohort,
63,690 cells), while Pelka 2021 sampled 62 American and European patients with an atlas
approximately six times larger (370,115 cells); both used 10x Chromium 3' sequencing. The
concordance between Pelka and TCGA bulk mRNA on direction of disruption for key pairs

further strengthens the finding's robustness.

Stratification of the Pelka tumor pseudo-bulks by mismatch repair status (13 MMRd, 12 MMRp,
by immunohistochemistry) reveals that the two CRC subtypes show the same overall degree of
model disruption but different topologies of disruption. The most striking differential is FANCI
x FANCD2: preserved in MMRd tumors (p = +0.544, comparable to normal at +0.457) but
disrupted in MMRp tumors (p = —0.098). This asymmetry has a direct biological interpretation

— MMRd tumors have lost mismatch repair and depend on the Fanconi anemia pathway as a



compensatory DNA-damage-tolerance mechanism, so they cannot afford to lose FA complex
coordination. The execution machinery (PLK1 x AURKA, CLSPN x PCNA) is similarly better
preserved in MMRd than in MMRp tumors, suggesting that MMRd tumors maintain more
architectural integrity in the execution layer while suffering a specific molecular defect (MMR
loss), whereas MMRp tumors have broader architectural corruption despite retaining MMR

function. The therapeutic prediction that follows from this differential is developed in §7.1.

The mouse cross-species validation uses the Haber et al. (2017) intestinal atlas to test whether
the co-regulation patterns the model identifies are conserved across species. Of 32 testable gene
pairs with mouse orthologs in the SMART-Seq?2 atlas, 26 show the same sign of Spearman
correlation in mouse intestinal cells as in human normal tissue — an 81 percent conservation
rate. The conservation follows the model's predicted hierarchy: Class II (execution) pairs show
87.5 percent conservation (seven of eight), BER and chromatin coordination pairs show high
conservation, and the NUMB partition pairs replicate at eight of ten (with Numb x Scrib and
Numb x Polk discordant). The CDK axis shows the weakest conservation, with the Cdk4 x Cdk6
anti-correlation observed in human bulk tissue not replicating in mouse intestinal single cells and
Cdk6 x Rb1 reversing sign. The cross-species analysis supports the interpretation that the
patterns the model tests reflect conserved mammalian biology rather than human-specific or
dataset-specific artifacts, with the physically obligate partnerships being the most deeply

conserved and the regulatory coordination patterns being largely but not universally conserved.

6.5.1 HNSC Single-Cell Architecture: TP63 versus KRT5 Subpopulations
The Puram et al. (2017) HNSC dataset (GSE103322; 2,215 cancer cells from head and neck

squamous carcinoma tumors) provides a within-tumor test of the model's architectural prediction

at single-cell resolution. The squamous lineage offers a natural contrast between TP63-



expressing cells (the squamous stem-program marker) and KRT5-expressing cells (commitment-
direction marker), allowing the model's prediction — that stem-program cells retain balanced
fidelity while failed-commit cells show TLS-dominant bypass with fitness-selection decoupling

— to be tested within the same tumors.

TP63-expressing cancer cells retain balanced coupling to both fidelity-providing helicases (BLM
p =+0.067, WRN p = +0.062) and TLS bypass polymerases (POLK p = +0.061, REV3L p =
+0.022), producing a fidelity index (mean helicase coupling minus mean TLS coupling) of
+0.003 — essentially zero, indicating no systematic bias toward either resolution pathway. The
fitness-selection machinery is engaged: NUMB p = +0.076, APEX1 p = +0.120, BAX p =
+0.069, BAK1 p = +0.075 (all p < 0.001; n = 2,215). TP63+ cells couple positively to both the

resolution and purging components the model identifies as partition-system outputs.

KRT5-expressing cells show the opposite architecture. All four fidelity-providing helicases are
anti-correlated (BLM p = —0.083, WRN p = —0.020, BRIP1 p = —0.203, HLTF p = -0.190),
while all three TLS polymerases are positively correlated (REV1 p = +0.078, POLK p = +0.092,
REV3L p = +0.097). The fidelity index is —0.213 — a shift of 0.216 units from the TP63+
population, reflecting systematic exclusion of helicase-mediated fidelity with simultaneous TLS
engagement. The fitness-selection panel shows selective decoupling: NUMB p = —0.004 (p =
0.86) and APEX1 p = —-0.013 (p = 0.54) are both indistinguishable from zero, while BAK1
remains strongly positive (p = +0.305, p = 8.3 x 1074%) — consistent with retained intrinsic
apoptotic priming but dissolved partition-dependent fitness selection. KRT5 x BRCA2 is —0.137
(p = 1.1 x 10719), confirming the commitment-direction decoupling from HR machinery that the

Mode 1 prediction requires.



The combined pattern defines two architecturally distinct coupling profiles coexisting within the
same tumors: TP63-correlated genes show balanced fidelity and engaged purging, while KRT5-
correlated genes show TLS-dominant bypass, fidelity exclusion, and dissolved fitness selection.
TP63 and KRT5 are positively correlated (p = +0.170, p = 7.7 % 10716) and co-expressed in
approximately 28% of cancer cells by median split, so the two markers do not define mutually
exclusive subpopulations. The coupling contrasts reported above reflect what each marker tracks
independently across the full cancer-cell population — the architectural signatures associated
with the stem program (TP63) versus the commitment direction (KRT5) — rather than a
comparison between separated subsets. The fidelity-index shift (0.216 units) and the
NUMB/APEX1 decoupling are properties of these coupling profiles, not of defined cell

populations.

6.5.2 AML Quiescent Evasion: Hierarchy-Resolved Single-Cell Analysis
The van Galen et al. (2019) AML dataset (GSE116256; 8,571 malignant + 1,439 normal cells

from five AML patients at diagnosis) classifies malignant cells into a hierarchy resembling
normal hematopoiesis: HSC-like (n = 855), Progenitor-like (n = 1,806), GMP-like (n = 1,282),
ProMono-like (n = 1,161), Mono-like (n = 2,000), and cDC-like (n = 1,467). The original bulk-
level analysis — pooling all malignant cells — found weak CEBPA x commitment coupling (p =
+0.059) and no phase-specific enrichment, leading to the assessment that Mode 5 was not

confirmed. Stratification by malignant hierarchy reveals a pattern the bulk analysis obscured.

Malignant HSC-like cells are profoundly quiescent at the per-patient level: AML328 (2.1%
HSC-like cycling), AML419A (3.8%), AML707B (1.3%), AML921A (2.0%); aggregate HSC-
like cycling = 2.1% across the four patients with sufficient HSC-like cell counts

("aml_singlecell_cycling.json:aggregate_hsc_cycling_pct’). The corresponding non-HSC-like



malignant cycling fractions (deposited “pct_cycling_mal’) are AML328 4.8%, AML419A 4.0%,
AML707B 18.5%, AML921A 14.8%, yielding per-patient HSC-to-non-HSC fold-changes of
2.29%, 1.05%, 14.23x%, and 7.4x. The fold-change variance is wide: three of four patients show
substantial HSC-to-non-HSC cycling separation (2.29% to 14.23%), while AML419A shows
essentially no separation (1.05%) — suggesting that quiescent evasion at the per-patient level is
not uniformly penetrant. The mean fold-change across the four patients (6.24x) and the
consistent HSC-compartment quiescence (1.3-3.8% across all four patients, mean 2.3%) support
the population-level Mode 5 signature, but AML419A demonstrates that the per-patient effect
can attenuate to within measurement noise. Per-cluster cycling-fraction aggregates across the
broader malignant hierarchy (Progenitor-like, GMP-like, ProMono-like, Mono-like, cDC-like,
and matched normal compartments) are pending re-verification against deposited single-cell

counts and are not reported here.

At single-cell resolution, CEBPA and commitment-chemistry expression show hierarchy-
dependent coupling, with strong anti-correlation for BRCA2 and EZH2 in the stem
compartment: CEBPA x BRCA2 p = —0.435 (stem), —0.034 (progenitor), +0.039 (differentiated-
like); CEBPA x EZH2 p = —0.686, —0.440, +0.064; CEBPA x BAX p = +0.699, +0.581, +0.009.
The CEBPA x BRCA2 and CEBPA x EZH?2 anti-correlations indicate that cells expressing the
myeloid commitment TF and cells expressing DDR-commitment machinery are segregated into
different subpopulations in the stem compartment. CEBPA x BAX shows the opposite direction
(+0.699 in stem), indicating that BAX co-expression tracks with CEBPA rather than opposing it
— the apoptotic gatekeeper is engaged in differentiating cells, not excluded from them. The anti-
coupling magnitude attenuates from stem to differentiated-like for BRCA2 and EZH2, consistent

with partial convergence as cells progress through the hierarchy. A caution: correlations in sparse



single-cell UMI data are normalization-dependent, and the hierarchy-level cycling difference is

the more robust finding.

At single-cell resolution with log1p normalization, CDK6 x CCNB1 p = +0.077 and CDK4 x
CCNB1 p = +0.083 (A = 0.006) — the CDKG6 decoupling observed at bulk level (§6.4) is not
resolved in the sparse UMI data. CD34 x BRCA2 p = -0.023 and MPO x BRCA2 p = +0.071;
both near zero, consistent with the hierarchy-level cycling differences being the more robust

single-cell finding.

The Mode 5 prediction is supported by convergent evidence at two levels: hierarchy-resolved
single-cell analysis reveals the quiescent evasion architecture in the malignant HSC-like
compartment (2.1% cycling, consistent across patients), while TCGA bulk analysis reveals that
the stem marker CD34 is decoupled from commitment chemistry with fidelity-dominant
resolution in the committed MPO+ fraction. The CD34 x BAX reversal (Ap = 0.477), the
CEBPA x POLK anti-coupling (p = —0.434), and the IDH2 (not IDH1) tissue-specific isoform
coupling together define a mode that is architecturally distinct from Modes 1—4. The initial bulk
analysis that pooled across the hierarchy failed to detect this pattern because the stem and

progenitor compartments have opposing coupling architectures that average to near-zero.

TCGA LAML bulk data (n = 173) provides a complementary test using the same CD34/MPO
lineage contrast methodology that confirmed Modes 2—4. CD34 (the stem marker) is decoupled
from commitment chemistry — near-zero coupling across the panel (BRCA2 p = +0.077, EZH2
p = +0.063, PCNA p = —0.056, OGG1 p = —0.048; all NS) — and strongly anti-coupled with
BAX (p = —-0.325, p = 1.3 x 10°®), indicating that the stem program is protected from apoptotic

purging at bulk level. MPO (the myeloid commitment marker) shows the opposite: positive



coupling to EZH2 (p = +0.344, p = 3.7 x 107¢), BAX (p = +0.152), APEX1 (p = +0.322), WRN
(p = +0.181), and REV1 (p = +0.203), with strong anti-coupling to POLK (p = —-0.373, p = 4.4 X
1077). The MPO coupling profile is fidelity-dominant: the committed myeloid fraction engages
helicases and excludes error-prone bypass. CEBPA shows a similar fidelity-dominant pattern
(CEBPA x POLK p = -0.434, p = 2.5 x 109; CEBPA x BAX p = +0.374, CEBPA x OGG1 p =
+0.320). The CD34 x BAX reversal (—0.325 vs MPO x BAX +0.152, A = 0.477) is the largest

single Mode 5 effect, comparable in magnitude to Mode 3 and Mode 4 effects.

CDKS® at bulk level is decoupled from CEBPA (p = -0.027) while CDK4 couples positively
(CDK4 x CEBPA p = +0.319, A = 0.346), and CDK6 x CCNB1 = +0.104 vs CDK4 x CCNB1 =
+0.373, confirming at bulk level the CDK6 dissociation observed in the single-cell analysis.
IDH1 x CDK6 = —-0.269 in LAML — the opposite sign from GBM (+0.528) — while IDH2 x
CDKG6 = +0.174 and IDH2 x EZH?2 = +0.396, consistent with IDH2 (not IDH1) being the
metabolically coupled isoform in the myeloid lineage. The tissue-specificity of the IDH isoform
coupling supports the model's prediction that the metabolic gate operates through lineage-

specific chemistry.

6.5.3 LIHC Progenitor Lock-in: AFP versus ALB Coupling Architecture

The Mode 3 prediction states that hepatocellular carcinoma cells are locked in a progenitor-
direction commitment program, with AFP (alpha-fetoprotein, the fetal hepatocyte marker)
coupled to commitment chemistry and ALB (albumin, the mature hepatocyte marker) decoupled

or opposite-signed. TCGA LIHC (n = 371) provides the test.

AFP shows positive coupling to commitment-panel members including TDG p = +0.332 (p = 5.2

x10711), EZH2 p = +0.311 (p = 1.0 x 1079), and RAD51 p = +0.342 (p = 1.4 x 10-11), with



weaker coupling to BRCA1 p = +0.182 (p = 4.2 x 1074) and OGG1 p = +0.134 (p = 0.01).
NUMB is anti-coupled: AFP x NUMB p =-0.169 (p = 1.1 x 10-3). ALB shows opposite-sign
coupling to most commitment-panel members: TDG p = -0.148, EZH2 p = -0.157, RAD51 p =
-0.213, BRCA1 p =-0.204, and OGG1 p =-0.116. NUMB is positively coupled to ALB: p =
+0.140 (p = 7.1 x 10°3). The progenitor marker and the mature marker produce sign-reversed

coupling to the commitment chemistry across the panel.

The purging machinery shows the same sign reversal. AFP couples positively to all three purging
components: APEX1 p =+0.221 (p = 1.7 x 105), BAX p = +0.363 (p = 5.6 x 10713), BAK1 p =
+0.285 (p = 2.3 x 10-8). ALB couples negatively: APEX1 p =-0.130, BAX p =-0.170, BAK1 p
=-0.257 (p = 5.5 x 1077). AFP-associated cells retain engaged purging; ALB-associated cells do
not. AFP also shows fidelity-dominant resolution: BLM p = +0.376 (p = 6.6 x 10-14) with TLS
anti-coupled (POLK p =-0.358, REV3L p =-0.201). The progenitor-locked architecture in LIHC
retains both commitment-chemistry coupling and fidelity resolution, consistent with a cell
trapped in the progenitor program that is running the write/erase chemistry without progressing

to mature hepatocyte identity.

The Mode 3 prediction — opposite-sign coupling between progenitor and mature lineage
markers across the commitment panel — is supported by the observed pattern. AFP x ALB
coupling is weakly positive (p = +0.141, p = 6.6 x 10-3), indicating partial co-expression rather

than mutual exclusion.

6.5.4 PRAD TF-Target Bifurcation: AR versus KLK3 Coupling Architecture

The Mode 4 prediction states that in prostate adenocarcinoma the master lineage transcription

factor (AR) retains coupling to commitment chemistry while its canonical downstream target



(KLK3/PSA) is decoupled or reversed, reflecting a bifurcation in which the transcription factor is
active but its downstream program is disconnected from the commitment architecture. TCGA

PRAD (n = 497) provides the test.

AR shows strong positive coupling to commitment-panel members: KDM6A p = +0.738 (p = 2.0
x 10786), TET2 p = +0.671 (p = 1.9 x 10766), NUMB p = +0.590 (p = 5.3 x 1048), and BRCA1
p =+0.524 (p = 2.5 x 10736). KLK3 shows the opposite pattern — predominantly negative
coupling to the same genes: BRCA1 p =-0.416 (p = 2.8 x 10722), TET2 p =-0.378 (p = 2.8 %
10-18), NUMB p =-0.203 (p = 5.1 x 106), and KDM6A p =-0.276 (p = 3.8 x 10-10). The
bifurcation extends to fidelity machinery: AR couples positively to BLM (p = +0.260) and
BRIP1 (p = +0.651), while KLK3 anti-couples to both (BLM p =-0.396, BRIP1 p = -0.448). The
master TF retains the full commitment and fidelity architecture; the downstream target is

disconnected from it.

The AR/KLK3 coupling reversal is among the strongest bifurcation effects observed in any
mode test. The cross-correlation between markers is -0.192 (p = 1.7 x 1075), indicating that AR
and KLK3 are co-expressed (KLK3 is an AR target gene), yet produce opposite coupling
signatures with the commitment panel — consistent with transcription-factor-level coupling that

does not propagate to downstream gene products.

6.5.5 GBM Lineage Decoupling: SOX2 versus GFAP Coupling Architecture

The Mode 2 prediction states that in glioblastoma the stem-associated marker (SOX2) retains
coupling to execution chemistry while the differentiation-associated marker (GFAP) is broadly
decoupled, reflecting lineage-independent proliferation that bypasses the normal commitment

sequence. TCGA GBM (n = 154) provides the test.



SOX2 retains execution coupling: PARP1 p = +0.436 (p = 1.6 x 10-8), BRCA1 p = +0.421 (p =
5.4 x 10-8), CHEK1 p = +0.378 (p = 1.4 x 1076), and FANCD2 p = +0.289 (p = 2.8 x 104).
SOX2 is anti-coupled to NUMB (p = -0.281, p = 4.1 x 104) and to BAK1 (p =-0.457, p = 2.6 X
10-9), consistent with stem-like cells retaining repair execution while excluding partition-

dependent purging.

GFAP shows the predicted broad decoupling. The strongest GFAP correlations are all negative:
TDG p =-0.427, FANCI p = -0.378, WRN p = -0.357, PCNA p =-0.345, APEX1 p =-0.334.
GFAP x BRCA1 is near zero (p =-0.011), GFAP x PARP1 is near zero (p = -0.029), and GFAP
x NUMB is weakly positive (p = +0.106). The GFAP-associated differentiation program is

disconnected from the commitment and execution machinery across all functional categories.

The SOX2/GFAP divergence is observed as predicted: SOX2 retains execution and fidelity
coupling while GFAP is globally decoupled. The cross-correlation between markers is +0.170 (p
= 0.04), indicating that SOX2 and GFAP mark partially overlapping populations, yet their

coupling architectures with the model panel are fundamentally different.

6.6 Single-Cell Evidence: Coordination Across Tissues and Differentiation

The coordination the model describes is measurable at single-cell resolution across multiple
tissues in normal human tissue (Figure 4A). Using the CZI CELLxGENE Census (2024-07-01
release), donor-level pseudo-bulk correlations were computed for seven cell types across five

tissues, totaling 127 donors and 79,914 cells.

Execution pairs are universally preserved at within-cell-type resolution (Methods §9.2;
Spearman p computed across cells within each cell type, per-pair subset where both genes are

detected). CLSPN x PCNA is positive in every cell type where both genes are detected (mean p



=+0.394, SD = 0.081 across 7 cell types). PLK1 x AURKA is positive in 7/7 (mean +0.496).
FANCI x FANCD?2 is positive in 8/8 (mean +0.249, SD = 0.087). These structurally obligate
complexes couple identically whether the cell is an intestinal stem cell, a hepatocyte, an HSC, a

keratinocyte, or a prostate luminal cell.

Regulatory coordination pairs are tissue-specific. NUMB x PARD3 ranges from —0.019 in
intestinal crypt stem cells to +0.915 in kidney proximal tubule epithelium across the seven
pseudo-bulk cell types where both genes are detected (6—36 donors per cell type; intestinal crypt
value from within-cell-type analysis). The gradient tracks regenerative capacity: proximal tubule
(+0.915) and hepatocyte (+0.858) — the two cell types with the strongest documented
regenerative capacity in humans — anchor the top, while podocytes (+0.486) — non-renewable
cells that cannot be replaced after injury — sit near the bottom. Between them, breast
myoepithelial cells (+0.829), HSCs (+0.695), type II pneumocytes (+0.540), and kidney
collecting duct cells (+0.642) each occupy positions consistent with their known turnover
biology. Keratinocytes show CDK4 x CCND1 at —0.782 across 10 donors — a squamous-
specific inversion consistent with the known anti-correlation between proliferation and terminal
differentiation in stratified epithelium. Podocytes uniquely show OGG1 x BAX at —0.257, the
only cell type where the commitment arm is negative, consistent with the absence of active

commitment/purging machinery in a cell that has no pathway to further differentiation.

The write/erase subsystem specificity described in Part 3 is visible at single-cell resolution: TDG
x EZH2 is positive in 13/13 cell types (mean +0.133), OGG1 x BAX is positive in 19/20 cell
types (mean +0.126). In the TCGA bulk data, TDG x EZH?2 is positive in 8/9 cohorts and OGG1
x BAX in 9/9. OGG1 x NUMB is negative in 9/9 cohorts, consistent with the commitment arm

being anti-correlated with the partition mediator.



The data are consistent with cancer operating as a coordination failure rather than an expression-
level failure. Across all 9 TCGA cohorts, the median fold-change of model gene expression

between tumor and normal tissue is 1.05. Zero genes exceed 2-fold change in 8 of 9 cohorts. The
same genes, at the same expression levels, lose their coordinated behavior in cancer: mean |Ap| =

0.259 (per-cohort average) for regulatory pairs.

The intestinal differentiation trajectory shows coordination peaking during amplification. In the
CZI Census data, DNMT1 x PCNA goes from +0.255 in intestinal crypt stem cells to +0.655 in
transit-amplifying cells to +0.110 in mature enterocytes. CDK4 x CCND1 follows the same
pattern (+0.070 — +0.351 — +0.140). In ARC terms, the Remodeling phase (transit-amplifying)
is the active coordination phase; Commitment (enterocyte) shows reduced coupling because the

decisions have been made.

The HSC-to-monocyte contrast provides computational evidence for the trajectory described in
the §2.4 walkthrough: the quiescent HSC that maintains all its coordination machinery in a
coupled, ready state progressively disengages specific subsystems as it commits to a specific
lineage. Execution coupling (3-pair set: CLSPN x PCNA, DNMT1 x PCNA, PLK1 x AURKA)
drops from +0.937 in HSCs (9 donors) to —0.031 in monocytes (22 donors, classical monocyte
hierarchy compartment) — a change of 0.968. Commitment coupling (4-pair set: TDG x EZH2,
OGG1 x BAX, TDG x BAX, OGG1 x EZH?2) drops from +0.875 to +0.708 — a change of only
0.167. Normal differentiation disengages execution while preserving commitment identity. Five
of six committed hematopoietic lineage endpoints show commitment > execution coupling; only
megakaryocytes reverse this, consistent with their requirement for ongoing DNA replication

(endomitosis) to achieve polyploidy.



6.7 Routing Decisions in the Hematopoietic Hierarchy

The model predicts that the A — R — C trajectory described in §2.4 should be visible as a
progressive, selective change in coordination profiles (Figure 4B—C): the quiescent HSC should
maintain near-total coordination across all functional subsystems, and different subsystems
should disengage at different points along each lineage trajectory depending on what each
destination cell type biologically requires. Donor-level pseudo-bulk correlations across 15
hematopoietic cell types (9—36 donors per type) from the CZI CELLXGENE Census test this

prediction at single-cell resolution.

The HSC itself maintains the coordination the model ascribes to the pre-ARC quiescent state.
Across 9 donors, execution pairs (3-pair set: CLSPN x PCNA, DNMT1 x PCNA, PLK1 x
AURKA) average p = +0.937 (CLSPN x PCNA = +0.933, DNMT1 x PCNA = +0.967, PLK1 x
AURKA = +0.912), commitment pairs (4-pair set: TDG x EZH2, OGG1 x BAX, TDG x BAX,
OGG1 x EZH2) average +0.875 (TDG x EZH2 = +0.783, OGG1 x BAX = +0.983, TDG x BAX
=+0.817, OGG1 x EZH2 = +0.917), and partition coupling is strong (NUMB x PARD3 =
+0.695, NUMB x DLG1 = +0.833). This is the coupled, ready state from which the AR - C
trajectory launches. The multipotent progenitor (MPP, 19 donors) already shows selective
loosening: CDK4 x CCND1 drops from +0.915 to +0.338 while execution pairs remain above
+0.700 — the cell-cycle regulatory coupling begins to diversify before the execution machinery

changes.

The myeloid-lymphoid branch point is the most dramatic routing signal in the hierarchy. At the
common myeloid progenitor (CMP, 18 donors), replication-coupled pairs remain strongly
positive: CLSPN x PCNA = +0.821, DNMT1 x PCNA = +0.868. At the lymphoid-restricted

progenitor (CLP, 18 donors), these same pairs invert: CLSPN x PCNA = —0.455 (A = 1.276),



DNMT1 x PCNA = —0.560. Simultaneously, partition coupling maximizes: NUMB x PARD3
rises from +0.384 in CMPs to +0.985 in CLPs, and NUMB x DLG1 reaches +1.000. The
lymphoid route decouples replication and maximally engages partition — consistent with CLP
biology, where cells must coordinate V(D)J recombination (deliberate DNA breaks for

immunoglobulin and T-cell receptor rearrangement) rather than replicative expansion.

Within the myeloid branch, the GMP-MEP split shows a different pattern. MEP (18 donors)
maintains near-total coordination across all pairs (mean ~+0.85), consistent with the
requirements of its daughter lineages: megakaryocytes undergo endomitosis to achieve
polyploidy, and erythrocytes undergo enucleation — both requiring sustained coordination of
replication and chromatin machinery. GMP (10 donors) shows widespread decoupling (NUMB x
PARD3 = -0.374), consistent with the myeloid progenitor's transition toward lineages that will

abandon the stem-cell partition program.

Committed lineages show a consistent pattern: five of six retain stronger commitment coupling
than execution coupling. Monocytes (22 donors, classical monocyte hierarchy compartment) —
which represent a late committed stage that retains the capacity for further differentiation into
macrophages and dendritic cells — provide the clearest example: execution pairs average
—0.031, commitment pairs average +0.708 — the cell has disengaged its replication machinery
while maintaining its identity architecture. Only megakaryocytes reverse this (execution >
commitment by +0.058), consistent with their unique requirement for ongoing replication
without division. The selective disengagement of execution while commitment is preserved is
the normal-tissue equivalent of what the model predicts cancer disrupts — except that in cancer,

it is the regulatory coordination that dissolves while execution is preserved.



The B cell trajectory (CLP — Pro-B — Pre-B — Naive B) shows the Fanconi complex
decoupling as its biological purpose is completed: FANCI x FANCD2 declines from +0.985 in
CLPs to +0.912 in Pro-B, +0.830 in Pre-B, and +0.413 in Naive B cells, tracking the completion
of V(D)J recombination and the diminishing requirement for recombination-associated DNA

damage processing.

Each branch point shows a different subset of pairs diverging, and the pairs that diverge match
what each destination lineage biologically requires. Replication coupling for proliferative routes
(MEP), partition coupling for recombination routes (CLP), commitment coupling for identity-
maintaining routes (monocyte). The pair-coupling approach reveals these routing decisions at a

resolution that is invisible in individual gene expression levels.

6.8 Limitations and Outstanding Tests

The computational evidence presented here is entirely correlational. The model interprets
changes in Spearman correlation as reflecting changes in the underlying mechanistic coupling
between gene products, but correlations in transcriptomic data can arise from shared upstream
regulation, cell-type composition shifts between normal and tumor tissue, batch effects, or purity
confounders. The protein-level CPTAC evidence partially addresses the transcriptional-
regulation concern, and the single-cell analyses partially address the composition concern, but
neither eliminates all alternative explanations. A proxy assessment of tumor purity confounding
— using the tumor-to-normal sample ratio as a surrogate for purity variation across cohorts —
finds no significant correlation between this ratio and the magnitude of regulatory coordination
change (p = +0.417, p = 0.265) or execution change (p = —0.317, p = 0.406). However, the ratio
does correlate with the relative magnitude of the class separation (p = +0.750, p = 0.020), which

could reflect either purity confounding or the greater statistical power of larger cohorts. This



correlation warrants acknowledgment even though the direction of its interpretation is
ambiguous. The definitive test of the model's central architectural claim about cancer — that
NUMB protein is asymmetrically partitioned at mitosis in normal stem cells and that this
asymmetry is lost in cancer — requires direct immunofluorescence imaging of dividing cells in

matched normal and tumor tissue, which is beyond the scope of computational analysis.

Several specified predictions were not supported or were only partially supported, and these

negative results are reported here with the same detail as the positive results.

The Lee 2020 and Pelka 2021 single-cell datasets, despite both being CRC cohorts, show poor
pair-level concordance (one of six comparable pairs in the same direction). This reflects the
substantial differences between the datasets — different patient populations (Korean versus
American/European), different cohort sizes (23 versus 62 patients), and critically, different
numbers of matched normal patients (eight versus thirty-five). Pelka's larger normal sample
produces more stable Spearman estimates, and where both datasets are informative, Pelka's
results align more closely with the TCGA bulk findings. The Lee 2020 results should be
interpreted with caution for individual pair values, though the presence of three sign reversals (a

count, not dependent on individual-pair accuracy) remains informative.

Three specified tests were not executed in this battery. The LARRY barcoding sister-cell
partition analysis (Weinreb et al., 2020), which would test whether model-gene inheritance is
indeed asymmetric at division, requires access to published sister-cell transcriptomic datasets not
analyzed here. The spatial transcriptomic analysis needed to resolve the NUMB x SCRIB
prediction (which the model now interprets as a spatial-separation rather than a co-expression

prediction) requires spatial RNA-seq data from normal intestinal tissue. The polarity-state-



dependent G4-mutation-rate prediction stated in §5.7 requires whole-genome sequencing of
tissues stratified by polarity-state characterization, with mutation rates at G4 regulatory addresses
compared between polarity-disrupted and polarity-intact subsets; Aghili et al. (2014) provide a
partial empirical anchor for this design (discussed in §8.4) but do not themselves constitute
confirmation. Each of these represents a next-generation test that would substantially strengthen

or refute the model.

PIDD1, which the model identifies as a candidate molecular adapter between centrosomal
partition and fork-level resolution control (§3.4), was tested in a separate analysis run after the
28+8 pair classification was established, making it a prospective rather than iterative addition.
The PIDD1 network analysis (21 pairs involving PIDD1, CASP2, CRADD, ANKRD?26, and
MDM?2 across the same nine TCGA cohorts) produced results consistent with the Class I/11
separation pattern. All 14 PIDD1-containing pairs weaken in cancer, with no exceptions. The
processing regulators ATR and CHEK1 — implicated in the PIDD1-to-PIDD-C conversion —
weaken at matched magnitudes (Ap = —0.145 and —0.135 respectively), consistent with
coordinated disruption of the processing gate. Two pairs behave as execution partnerships:
PIDD1 x PCNA (Ap = —0.005, essentially preserved) and PIDD1 x CRADD (Ap = —0.012), both
structurally obligate interactions. The largest single decoupling observed across all analyses is
CASP2 x TP53 (Ap = —0.450), consistent with profound disruption of the caspase-2-mediated
p53 stabilization axis in cancer. Per-pair values are deposited in pidd1_network_results.json. The
PIDD1 pairs were defined after the 28+8 classification framework was established and were
initially reported separately. Subsequent reanalysis confirmed that the PIDD1 network results are
consistent with the primary Class I/II separation: the 14 weakening PIDD1 regulatory pairs

would extend the Class I inventory, while the two preserved structural pairs (PIDD1 x PCNA,



PIDD1 x CRADD) behave as Class II. The 28+8 primary classification is retained for continuity

with the deposited analysis files.

The five failure modes described in §5.4 were tested at different levels of completeness in this
analysis. Mode 1 (phase-specific cliff, HNSC) is reported in §6.5.1 using the Puram 2017 single-
cell dataset, with the predicted fidelity-index contrast confirmed between TP63 and KRT5
coupling profiles. Mode 2 (phase-uniform decoupling, GBM) is reported in §6.5.5 using TCGA
bulk data, with the predicted uniform GFAP decoupling confirmed across all functional
categories (commitment, fidelity, TLS, purging) while SOX2 retains coupling — the largest
coupling reversal is EZH2 Ap = 0.584. Mode 3 (progenitor lock-in, LIHC) is reported in §6.5.3
using TCGA bulk data, with the predicted opposite-sign coupling between AFP and ALB
confirmed across 6/6 commitment-panel members and all 3 purging components. Mode 4 (TF-
target bifurcation, PRAD) is reported in §6.5.4 using TCGA bulk data, with the predicted
AR/KLK3 coupling reversal confirmed at the largest effect size observed in any mode test
(BRIP1 Ap =1.10). Mode 5 (quiescent evasion, AML) is reported in §6.5.2 using both the van
Galen 2019 single-cell dataset (hierarchy-resolved reanalysis) and TCGA LAML bulk data; the
Mode 5 prediction is supported by convergent evidence — at single-cell resolution, malignant
HSC-like cells are quiescent (1.3-3.8% cycling across 4/4 patients with sufficient HSC-like
counts; per-patient HSC-to-non-HSC fold-changes range 1.05% to 14.23x with AML419A
demonstrating that the effect can attenuate to within measurement noise), and at bulk level,
CD34 (stem) is decoupled from commitment chemistry while MPO (myeloid) engages the full
panel with fidelity-dominant resolution (POLK anti-coupled at p = —0.373). The CD34 x BAX

reversal (Ap = 0.477) is comparable in magnitude to Mode 3 and Mode 4 effects.



The complete verification package — 22 generation scripts, 25 results JSONs, 7 source CSVs,

and a 264-check verification script — is deposited at 10.5281/zenodo.20402772.

6.9 Sensitivity to Cell-Cycle Covariates

The class separation in §6.2 could reflect cell-cycle-phase composition differences between
tumor and normal tissue rather than cancer-specific regulatory dissolution. To test this, cell-cycle
phase scores (G2M_min: minimum z-score across CDK1, CCNB1, CCNB2, PLK1, AURKA,
AURKB, BUBI1, TOP2A, CDC20; S_mean: mean z-score across PCNA, MCM?2-7, GMNN,
CCNAZ2) were computed per sample and regressed out of each gene before recomputing

Spearman correlations and Ap values.

After residualization, Class I pairs retain 79% of their original mean |Ap| (0.1385 residualized
versus 0.1752 original), while Class II mean |Ap| increases from 0.0444 to 0.0779. The Mann-
Whitney test on residualized values yields U = 164, p = 0.0243 — attenuated from the original p
= 8.53 x 1076 but confirming that the class separation persists when cell-cycle covariates are
removed. Of 28 Class I pairs, 23 retain more than half their original |Ap|. The attenuation is
expected: some regulatory coordination pairs (particularly the BER tetrad and epigenetic writer-
eraser pairs) are partially correlated with cell-cycle phase, so regressing out phase scores
removes part of the true signal alongside any phase-composition confound. The persistence of
the class separation after this conservative adjustment supports the interpretation that the
regulatory dissolution pattern reflects cancer-specific biology rather than a trivial consequence of

altered cycling rates.

Part 7: Implications



If the coupling architecture reported in Part 6 reflects an underlying partition failure, its main
implication is therapeutic: cancer should be stratified not only by mutated genes but by the
architectural layer at which commitment fails. This section consolidates the therapeutic
predictions that emerge from the five failure modes (§5.4), the computational evidence (Part 6),

and the death-modality framework (Part 4) into a unified account.

7.1 Therapeutic Implications of Selective Coordination Failure

The coordination architecture described in this manuscript — in which regulatory coupling
dissolves while execution machinery remains intact — has direct consequences for how
therapeutic targets are selected. If cancer's fundamental defect is the selective dissolution of
regulatory coordination while execution machinery is preserved, then therapies targeting the
execution machinery — which is what most current cytotoxic agents do — address the part of
the system that cancer has preserved rather than the part that has failed. Taxanes stabilize
microtubules (execution machinery). Platinum compounds crosslink DNA at the replication fork
(execution machinery). PARP inhibitors block single-strand break repair (execution machinery)
(reviewed in Hanahan & Weinberg, 2011). These agents work, often dramatically, but the
model's interpretation of their mechanism is that they succeed by overwhelming the execution
layer with damage it cannot process, not by correcting the regulatory failure that produced the
cancer in the first place. The distinction matters because it predicts the conditions under which
relapse occurs: the regulatory failure persists after treatment, and any surviving cell with intact

execution machinery can regenerate the tumor using the same disordered regulatory program.

A model-informed therapeutic strategy would instead target the regulatory coordination layer
directly, or exploit the specific dependencies that the regulatory failure creates. The differential

CDKG6/CDK4 behavior reported in §6.4 illustrates a broader point: current CDK4/6 inhibitors —



palbociclib, ribociclib, abemaciclib — target both CDK4 and CDK6 with comparable affinity.
The computational evidence shows that CDK6's regulatory relationships weaken in cancer while
CDK4's structural coupling is preserved (§6.4). Whether this differential behavior has
therapeutic consequences — for instance, whether patients whose tumors retain CDK6
regulatory coupling respond differently to CDK4/6 inhibition than those whose tumors have
already lost it — is an empirical question testable by stratifying existing trial data by pre-

treatment CDK6 x CCND1 coupling in biopsies.

The MMRd versus MMRp stratification in the Pelka CRC data generates a second specific
therapeutic prediction. The Fanconi anemia ID complex (FANCI x FANCD?2) is preserved in
MMRd tumors and disrupted in MMRp tumors (86.5). The biological interpretation is that
MMRd tumors, having lost mismatch repair, depend on the FA pathway as a compensatory DNA
damage tolerance mechanism. This dependency is a vulnerability: agents that directly disrupt FA
pathway function should be more effective against MMRd tumors than MMRp tumors, because
MMRd tumors cannot afford to lose a pathway whose disruption MMRp tumors apparently
tolerate. The prediction is the opposite of the synthetic-lethality logic that underlies PARP
inhibitor use in BRCA1/2-mutant cancers (which exploits pre-existing HR/FA deficiency); here,
the prediction is that intact-FA MMRd tumors will be more sensitive to direct FA-pathway
inhibition than the disrupted-FA MMRp tumors. The prediction is testable in existing clinical
trial cohorts where both MMR status and FA-pathway-targeting agent response data are
available. A parallel prediction follows from Mode 3 (progenitor lock-in): the JH-RE-06 class of
REV1 inhibitors (Wojtaszek et al., 2019), which targets the mutagenic translesion synthesis that
Mode 3 cells depend on, should show selective efficacy in tumors with the progenitor-locked

coupling signature.



The CLSPN fork-protection module's invariant preservation across all conditions tested suggests
a third category of therapeutic opportunity. If the fork-protection module is preserved, which the
model interprets as reflecting cancer's dependence on it for symmetric (undifferentiated)
division, then disrupting fork protection specifically — through CLASPIN-targeting agents or
through agents that disrupt the ATR-CHEK1-CLASPIN checkpoint axis — should be selectively
toxic to cancer cells that depend on symmetric division for self-renewal. The prediction is not
that fork-protection disruption would kill cancer cells because they are dividing (normal stem
cells also divide), but that it would kill cancer cells because they are dividing symmetrically, and
symmetric division requires intact fork-protection coordination in a way that asymmetric

division may not.

7.2 Therapeutic Implications: Gate Restoration and Sequencing

The model's most direct therapeutic implication is that cancer can be treated by restoring the R-
to-C gate rather than by killing cancer cells. The IDH inhibitor clinical data provides evidence
consistent with this approach: ivosidenib and enasidenib produce terminal differentiation of
AML blasts in IDH-mutant patients, with clinical remission achieved through blast maturation
rather than blast death (Stein et al., 2017; DiNardo et al., 2018). The model interprets this as gate
restoration — the IDH mutation blocked the write/erase program by metabolic starvation, and
the inhibitor re-opens the gate by restoring a-KG availability. High-dose vitamin C, which
restores TET2 enzymatic activity by maintaining iron in its reduced active state (Cimmino et al.,
2017), represents a related gate-restoration approach operating through the same cofactor axis.
The per-cancer temporal strategies described in §5.4 suggest that different cancers trap at

different gates, requiring different restoration strategies, but the underlying principle is



conserved: identify the blocked gate, relieve the blockade, and allow trapped R-phase cells to

complete commitment.

The death-modality stratification developed in Part 4 generates a further prediction about
therapeutic sequencing. If the death modality a cancer cell undergoes is determined by its
partition state, then shifting a cancer cell toward commitment before killing it should produce
immunologically silent apoptotic death rather than the inflammatory death that releases damage-
associated molecular patterns into the tumor microenvironment. The model predicts that
differentiation-priming agents followed by cytotoxic agents should produce better tumor control
than the reverse order, even when total cell kill is equivalent. This sequencing prediction is

testable in preclinical models and has not been formally tested in clinical trials.



Part 8: Discussion

8.1 What the Model Contributes

This manuscript proposes that cell fate decisions in metazoan tissues are governed by an
integrated architectural program — the ARC system — in which the asymmetric partition of
nuclear marks and cytoplasmic organelles at mitosis determines each daughter's trajectory. The
computational evidence in Part 6 does not prove this proposal, but it provides three categories of

evidence that bear on its plausibility.

The two-class pattern itself is an empirical observation that does not depend on the model's
interpretive apparatus. Any model of cancer — whether the hallmarks framework (Hanahan &
Weinberg, 2011) or any alternative — must account for why some gene-pair correlations change
systematically between normal and tumor tissue while others do not, and why the pairs that
change are precisely those whose co-regulation reflects regulatory programs rather than
structural obligations. The model offers one account — partition failure — but the two-class

pattern constrains any alternative account as well.

Beyond the pattern itself, the specific mechanistic predictions that the model generates and that
the data supports carry independent weight. The differential CDK6/CDK4 behavior, the CLSPN
module preservation, the BER coordination collapse, and the NUMB-to-polarity decoupling are
not generic consequences of cellular transformation; they are specific predictions about which
relationships should change and which should not, derived from the model's mechanistic claims
about the partition system's architecture. The predictions' specificity — not merely that some
pairs should change, but that regulatory pairs should change while physical partnerships should

not — gives the model falsification power that a vaguer model would lack.



The model's capacity to generate clinically relevant predictions with enough specificity to be
testable constitutes a third line of evidence. The CDK differential-behavior observation, the
MMRd-FA dependency, the fork-protection vulnerability, and the partition-restoration
therapeutic strategy are all consequences of the model's architectural interpretation, and each is
testable with existing clinical data or straightforward experimental designs. A model that
generates specific, falsifiable therapeutic predictions earns a different epistemic status from one

that merely redescribes known biology in new language.

8.2 What the Model Does Not Prove

The model's computational evidence is entirely correlational. Changes in Spearman correlation
between normal and tumor tissue could reflect direct mechanistic coupling changes (the model's
interpretation), but they could also reflect cell-type composition shifts between tissue types,
shared upstream regulatory changes, or technical confounders in the source datasets. The protein-
level CPTAC evidence and the single-cell analyses partially address these alternatives by
operating within defined cell populations, but neither eliminates them. Partial correlation
controlling for proliferation rate or cell-cycle phase has not been systematically applied across

the full test battery and remains a methodological limitation.

A structural vulnerability of the model warrants explicit acknowledgment. The manuscript
assigns architectural roles to approximately fifty proteins — partition determinants, write/erase
enzymes, fidelity helicases, execution partners — and interprets their coupling patterns through
the ARC framework. A sufficiently flexible model with enough components can be post-hoc
fitted to almost any dataset, and the concern that the model is unfalsifiable because it interprets
each protein's established function as evidence for the framework is legitimate. Three features of

the model's design are intended to address this concern, though none eliminates it entirely. Each



pair's classification as regulatory or execution was evaluated against five molecular criteria
(direct physical binding, shared compartment, absence of partner-independent functions,
constitutive association, and stoichiometric co-expression) that are derived from established
molecular biology and are independently verifiable by any reviewer without reference to the
cancer data — the C1-C5 scores for all 38 scored pairs (28 Class I, 8 Class II, and 2 excluded
ambiguous pairs), with literature citations for every criterion, are provided in Table S3. The
model generates specific coupling predictions that can fail — the sensitivity analyses in §6.2
demonstrate that the framework's statistical conclusion depends on specific pair assignments, and
alternative classifications produce quantitatively different (though consistently significant)
separations. And the prediction that cancer should selectively disrupt one class while preserving
the other is not a prediction that any arrangement of fifty proteins would satisfy — the model
assigns proteins to functional categories based on whether their co-regulation reflects regulatory
programs or structural obligations, a mechanistic criterion independent of the cancer data.
Nevertheless, the possibility remains that the protein panel was unconsciously selected to include
components whose coupling patterns would match the model's predictions, and independent
replication using protein panels selected by investigators without knowledge of the model's
predictions would provide the strongest defense against this concern. Supplementary Table S1
addresses this transparency requirement directly: for each gene in the model panel (49 core genes
listed in §9.1, plus 14 lineage markers used in mode-specific tests — 63 genes total in Table S1),
the table separates the established biochemical function (supported by primary literature citations
that a reviewer can verify without accepting any part of the framework) from the model's specific
architectural interpretation, and specifies a per-gene falsification test whose failure would require

revising that protein's assignment.



The model's central causal claim — that loss of partition asymmetry accelerates mutation
accumulation through missegregation of chromatin and mislicensing of the write/erase
chemistry, with the affected addresses preferentially being the G-quadruplex-containing
regulatory addresses where cancer driver mutations recurrently occur — remains the model's
most far-reaching claim and is not directly tested by the computational evidence presented here.
The computational data are consistent with the claim insofar as the coupling between partition
components and the write/erase machinery weakens in cancer, but the data do not directly
measure mutation accumulation rates as a function of partition state. The direct test requires
comparing mutation accumulation rates at G-quadruplex-containing regulatory addresses
between partition-disrupted and partition-intact tissues, with the prediction being that partition
disruption is associated with elevated mutation rates specifically at G4 regulatory addresses
rather than uniformly across the genome. This test is technically feasible using existing whole-
genome sequencing platforms combined with polarity-state characterization (e.g., NUMB
asymmetric segregation imaging at mitosis), and a negative result — equal mutation rates
between partition-disrupted and partition-intact tissues at G4 regulatory addresses — would

require fundamental revision of the proposed mutagenic mechanism.

8.3 Relationship to Existing Models

The model intersects with but does not duplicate several existing lines of investigation. The
cancer stem cell hypothesis (Bonnet & Dick, 1997; reviewed in Simons & Clevers, 2011)
proposes that tumors are maintained by a subpopulation with stem-like self-renewal capacity.
The model is consistent with this proposal but adds a specific mechanism — partition failure —
for why the stem-like subpopulation exists and what molecular signature distinguishes it. The

epithelial-mesenchymal transition literature (Nieto et al., 2016; Pastushenko & Blanpain, 2019)



describes phenotypic plasticity between epithelial and mesenchymal states in cancer progression.
The model interprets EMT as one manifestation of the partition failure's downstream
consequences rather than as an independent oncogenic program. The Vogelstein mutation-
accumulation model (Fearon & Vogelstein, 1990; Vogelstein et al., 2013) describes the temporal
sequence of driver mutations in colorectal cancer. The model proposes a complementary
mechanism: that loss of partition asymmetry accelerates the rate at which mutations accumulate
at the G4-containing regulatory addresses that coincide with the canonical driver loci, with
disordered marking and mislicensing as a proposed mutagenic mechanism. The two models are
not mutually exclusive — mutations remain causal for cancer progression in both — but the
ARC model adds a specific account of why mutation accumulation should occur preferentially at
these addresses and why the rate should depend on partition state. Independent support for
address-specific mutation rates comes from the non-random mutagenesis literature: Monroe et al.
(2022) demonstrated that epigenomic features explain over 90% of mutation rate variance in
Arabidopsis, and Schuster-Bockler and Lehner (2012) showed that chromatin organization is a
major determinant of regional mutation rates in human cancer — findings consistent with the
model's claim that the write/erase chemistry's outputs concentrate at addresses defined by

chromatin state.

The missegregation and mislicensing components of this proposed mechanism each have
experimental precedent in cancer biology. Crasta et al. (2012) demonstrated that whole-
chromosome missegregation at mitosis generates DNA breaks through micronucleus formation,
producing damage that can be inherited by daughter nuclei and contribute to chromothripsis.
Bedekovics et al. (2021) showed that USP24 loss in neuroblastoma destabilizes the polarity

protein CRMP2, producing spindle defects, chromosome missegregation, and aneuploidy — an



architectural pattern (polarity-regulator loss — spindle defect — missegregation — genomic
instability) that parallels what the ARC model proposes for the asymmetric-division polarity
system. Canonical replication licensing deregulation (Cdt1, Cdc6, Geminin) produces re-
replication, replication stress, and genomic instability (reviewed in Petrakis et al., 2016). The
ARC model extends these principles to propose that chromatin marks rather than entire
chromosomes can inherit incoherently when partition fails, with the write/erase chemistry
continuing to operate on substrates inappropriate for the cell state. Each link in the proposed
causal chain — NUMB/aPKC partition disruption producing chromatin-mark missegregation
that accelerates G4-localized mutation accumulation — has precedent in different molecular

systems, but the specific chain has not been demonstrated as an integrated sequence.

Each of these intersections generates testable distinguishing predictions. If the model is correct
that the cancer stem cell phenotype is caused by partition failure, then restoring partition function
should eliminate the stem-like subpopulation without killing it — by enabling the asymmetric
divisions that would normally produce one committed and one self-renewing daughter. If EMT is
one of partition failure's downstream consequences, then restoring partition function should
reduce EMT independently of the signaling pathways (TGF-3, Wnt, Notch) that are
conventionally targeted to inhibit EMT. If partition failure accelerates mutation accumulation at
G4-containing regulatory addresses through the proposed missegregation/mislicensing
mechanism, then tissues with measurable partition disruption should show elevated mutation
rates at these addresses compared to partition-intact tissues — the mutational precursor signature
(elevated 8-0x0G at G4 promoters) being the predicted intermediate. Each of these is

experimentally accessible with current technology.



8.4 What Would Falsify This Model

A model that cannot specify the conditions under which it would be wrong has no claim to
empirical standing. The ARC model makes several predictions whose failure would require

fundamental revision.

The strongest falsification test concerns the proposed mutagenic mechanism in §5.7. The model
hypothesizes that loss of partition asymmetry accelerates mutation accumulation through
missegregation of chromatin and mislicensing of the write/erase chemistry, with the elevated
mutation rate enriching specifically at G-quadruplex-containing regulatory addresses. If tissues
with measurable polarity disruption (quantified by NUMB x polarity coupling or by NUMB
asymmetric segregation at mitosis) do NOT show elevated mutation rates at G4-containing
regulatory addresses compared to polarity-intact tissues of the same lineage, then the proposed
mechanism — that disordered marking accelerates mutation accumulation at the addresses where
the chemistry operates — is wrong, and the model's account of how partition state connects to
cancer risk would require fundamental revision. This test is technically feasible with current
whole-genome sequencing and immunofluorescence imaging. Existing pre-malignant tissue data
(Aghili et al., 2014) provide a partial empirical anchor for the test design — somatic copy-
number alterations in apparently normal ovarian tissue do show G4 overlap and BRCA-carrier
elevation — but do not themselves constitute confirmation, because the Aghili cohort assayed
copy-number changes rather than point mutations and was characterized for BRCA status rather

than for polarity state.

The mode-replication test concerns the classification itself. The model predicts that the five
modes identified in §5.4 are cross-tissue stable: a Mode 1 signature in HNSC should be

reproducible in independent HNSC cohorts, and Mode 3 in LIHC should be reproducible in



independent hepatocellular carcinoma datasets. If the mode signatures do not replicate across
independent cohorts of the same cancer type, the classification reflects dataset-specific artifacts

rather than stable architectural features.

The partition-restoration test concerns the death-differentiation continuum. The model generates
the hypothesis that restoring NUMB x polarity coupling in a cancer cell with intact execution
machinery could produce asymmetric division — one committed and one self-renewing daughter
— rather than simple growth arrest or death. If NUMB overexpression in a cancer cell line with
documented polarity disruption produces growth arrest or apoptosis but NOT asymmetric
division (assessed by sister-cell transcriptomics after the next mitosis), then the model's account
of NUMB as a partition organizer is wrong, and NUMB's tumor-suppressive effect operates
through a different mechanism (perhaps through p53 stabilization alone, without the partition
function). The LARRY barcoding technology or equivalent sister-cell tracking could distinguish

these outcomes.

The class-universality test concerns the two-class pattern's predictive scope. The model predicts
that the Class I/Class II separation will hold in every solid cancer type tested, because the
functional classification is universal. If a cancer type is found in which execution partnerships
are disrupted while regulatory coordination is preserved (the opposite of the two-class pattern),
the model's functional classification is not universal and must be revised to accommodate tissue-
specific category inversion. Extending the nine-cohort analysis to additional cancer types (e.g.,

melanoma, ovarian, prostate, bladder) would test this prediction.

The sensitivity analyses and independent control comparisons delimit the model's scope and

motivate the more specific phase- and lineage-resolved tests described above.



8.5 Cross-Species Conservation and Evolutionary Depth

The co-regulation patterns the model identifies are conserved across species. The 81 percent
same-sign conservation of model gene-pair correlations between mouse and human intestinal
epithelium (26 of 32 pairs in the SMART-Seq? atlas, with Class II execution pairs at 87.5
percent and NUMB partition pairs at 8/10) places these patterns within a conserved mammalian
program rather than within species-specific regulatory architecture. The hierarchy of
conservation — Class II execution at 87.5 percent, BER coordination preserved,
partition/NUMB at 80 percent — suggests that the structurally obligate relationships are the
oldest and most constrained, while the regulatory coordination patterns are largely conserved but
admit species-specific tuning. This hierarchy is consistent with the model's claim that the
partition architecture is a fundamental feature of metazoan cell fate decisions, not a derived

feature of any particular lineage.

The regulatory coordination that governs asymmetric versus symmetric division outcomes is at
least as old as the mammalian radiation, and likely older given that the individual components
are conserved across vertebrates and in many cases across bilaterians: the NUMB/aPKC/PAR
polarity system is functionally conserved from Drosophila to mammals (Knoblich, 2010;
Gonczy, 2008), the Fanconi anemia pathway is conserved across vertebrates (Ceccaldi et al.,
2016), and TET-mediated cytosine oxidation has been documented in metazoans spanning
cnidarians to mammals (reviewed in Kohli & Zhang, 2013). Cancer, in this view, is not a disease
that exploits novel molecular pathways; it is a disease that corrupts an ancient architectural
program whose individual components are well characterized but whose coordination as an

integrated system has not been previously described at this level of specificity.



The conservation extends beyond metazoans. The Mrc1/CLASPIN histone chaperone that
organizes parental histone recycling at the replication fork — the molecular basis for epigenetic
inheritance through division — has been demonstrated as functionally conserved across fission
yeast, budding yeast, and mammals, with AlphaFold structural predictions identifying a
conserved histone-binding domain across nine model organisms spanning fungi, plants, and
animals (Yu et al., 2024). The fork protection complex (Mrc1/CLASPIN with Swil/TIMELESS
and Swi3/TIPIN) and the histone variant deposition machinery (CAF-1, HIRA, FACT) are pan-
eukaryotic (Gurard-Levin, Quivy & Almouzni, 2014). The TLS machinery is similarly ancient:
REV1 was first characterized in yeast (Nelson et al., 1996), and the REV1-REV3L (Pol{)
scaffolding relationship is conserved from Saccharomyces to humans. The BER glycosylases
have bacterial functional analogs (Fpg/MutM for OGG1; MutY for MUTYH), and RecQ
helicases trace to bacterial RecQ. In budding yeast, asymmetric mitochondrial inheritance
between mother and daughter cells determines replicative lifespan (McFaline-Figueroa et al.,
2011), paralleling the organelle quality partitioning that Katajisto et al. (2015) demonstrated in
mammalian stem cells. In Caulobacter crescentus, every division produces geometrically and
functionally asymmetric daughters — the swarmer and stalked cells — through regulated
proteolysis of the master regulator CtrA (reviewed in Curtis & Brun, 2010), establishing that
asymmetric fate determination through division is a bacterial-grade strategy, not a metazoan
innovation (Figure 6). The caspase-2/PIDDosome system that connects centrosome integrity to
cell elimination (84.2) is itself ancient: phylogenetic analysis places caspase-2 as ancestral to all
bilaterians, predating the deuterostome-specific caspase-9 that initiates canonical intrinsic
apoptosis (Krasovec et al., 2023), consistent with the coupling of replication-quality surveillance

to fate determination being an early metazoan innovation rather than a mammalian elaboration.
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Figure 6. Evolutionary conservation of ARC machinery and architecture. (A) Evolutionary timeline
showing approximate depth of each ARC functional module across bacteria (*Caulobacter*, ~3.5 Ga),
plants (*Arabidopsis*, ~1.5 Ga), fungi (*S. cerevisiae*, *S. pombe*, ~1.0 Ga), and animals
(*Drosophila* ~600 Ma, mouse ~200 Ma, human). Plants (Archaeplastida) diverged from the animal
lineage before fungi (Opisthokonta). Fork protection (RecQ helicase family) and TLS scaffold (DinB/Y-
family) have bacterial origins with divergent conservation; BER glycosylases have bacterial functional
analogs (Fpg/MutM, MutY). Caspase-2 is ancestral to all bilaterians, predating deuterostome-specific
caspase-9 (Krasovec et al., 2023). The NUMB-aPKC polarity axis emerges with metazoan cell
polarization. (B) Conservation matrix across seven species. Green circles, present and functional
(ortholog or clear analog); yellow circles, present but divergent or less well characterized; red circles, not
detected or no evidence. Key citations: Tuteja & Tuteja (2004) for bacterial RecQ conservation; Yu et al.
(2024) for Mrc1/CLASPIN structural conservation; Katajisto et al. (2015) and McFaline-Figueroa et al.
(2011) for organelle inheritance; Curtis & Brun (2010) for *Caulobacter* asymmetry.

The cross-generational nature of this chromatin-marking system, operating through the same
DDR machinery across >1.5 billion years of eukaryotic evolution, raises the possibility that the
write/erase program concentrates mutations at regulatory addresses in a biochemically non-
random way — not directed in the Cairns (1988) sense, but distributed by the operation of a
developmental program whose outputs are then tested through the death-differentiation
continuum described in Part 4. The testable prediction is that G4-containing commitment
promoters should show elevated germline mutation rates relative to matched non-G4 regulatory
sequences of similar chromatin state, even after controlling for the known effects of replication

timing and mismatch repair efficiency. This prediction connects the within-organism mechanism



characterized in this manuscript to the evolutionary observations described in Part 1, but

resolving whether the connection is causal requires data beyond what this manuscript presents.

Part 9: Methods

9.1 Data Sources and Access

All analyses use publicly available data accessed through standard programmatic interfaces
without authentication or proprietary database access. No unpublished datasets are used. All code
and intermediate results are deposited with the manuscript as supplementary files. Scripts 01-08
cover the Part 6 correlation analyses; script 09 covers the Supplementary Section S2 G4
promoter motif analysis. Methodology for S2 is described in S2 itself, with quantitative results

deposited in s2_g4 _tfbs_analysis.json and s2_g4 _tfbs_reproduced.json.

All TCGA expression analyses use data frozen from UCSC Xena HiSeqV2 (log2(RSEM+1)) on
2026-05-22. Per-cohort and per-pair values are deposited in final_validation_results.json. Values
in the main text are reported to 3—4 significant figures; full-precision values are in the deposited

JSON. The validation script (03_class_separation_validation.py) is deposited alongside the

manuscript and reproduces every value reported.

The TCGA mRNA expression data were obtained from the UCSC Xena data hub
(https://xenabrowser.net; accessed April-May 2026) as pre-processed HiSeqV?2 files containing
log2-transformed RSEM-normalized gene expression values (log2(RSEM+1)). Nine cancer
types were selected based on having at least 35 matched solid-tissue-normal samples (TCGA
sample type code 11) alongside primary solid tumor samples (sample type code 01): breast
invasive carcinoma (BRCA; 1,097 tumor, 114 normal), kidney renal clear cell carcinoma (KIRC;

533 tumor, 72 normal), lung adenocarcinoma (LUAD; 515 tumor, 59 normal), lung squamous



cell carcinoma (LUSC; 502 tumor, 51 normal), thyroid carcinoma (THCA; 505 tumor, 59
normal), liver hepatocellular carcinoma (LIHC; 371 tumor, 50 normal), colon adenocarcinoma
(COAD; 286 tumor, 41 normal), head and neck squamous cell carcinoma (HNSC; 520 tumor, 44
normal), and stomach adenocarcinoma (STAD; 415 tumor, 35 normal). Total: 4,744 tumor and

525 normal samples across 5,269 individuals.

Protein quantification data were obtained from the cBioPortal for Cancer Genomics REST API
(https://www.cbioportal.org/api) using the molecular profile suffix _protein_quantification for
seven Clinical Proteomic Tumor Analysis Consortium (CPTAC) studies: brca_cptac_2020 (n =
122), coad_cptac_2019 (n = 97), gbm_cptac_2021 (n = 99), luad_cptac_2020 (n = 110),
lusc_cptac_2021 (n = 80), paad_cptac_2021 (n = 140), and ucec_cptac_2020 (n = 81). Total: 729
patients. All CPTAC cohorts contain tumor-only measurements without matched normal protein

data.

Single-cell RNA sequencing data were obtained from the NCBI Gene Expression Omnibus
(GEO). The Lee et al. (2020) dataset (GSE132465) provides 63,690 cells from 23 Korean
colorectal cancer patients yielding 33 tumor and normal pseudo-bulk samples, profiled by 10x
Chromium 3' sequencing — the Korean (SMC) cohort component of Lee et al.'s broader 91,103-
cell published atlas profiling 29 patients (23 Korean and 6 Belgian). Of these 23 patients, 8
contributed matched tumor and adjacent-normal epithelial samples. The Pelka et al. (2021)
dataset (GSE178341) provides 370,115 cells (the post-QC analyzed subset of Pelka et al.'s
371,223-cell published atlas) from 62 colorectal cancer patients profiled by 10x Chromium 3'
sequencing, of which 35 patients contributed matched normal epithelial pseudo-bulks and 60
contributed tumor epithelial pseudo-bulks. The Haber et al. (2017) dataset (GSE92332) provides

1,522 full-length SmartSeq2-profiled mouse intestinal epithelial cells — the deeper-coverage



SMART-Seq2 subset of Haber et al.'s combined 53,193-cell atlas, which also includes a 10x
Chromium component — across 11 annotated cell types (Stem, TA, Enterocyte-Immature,
Enterocyte-Mature, Goblet, Paneth, Enteroendocrine, Tuft-1, Tuft-2, and two additional
progenitor populations). The Puram et al. (2017) dataset (GSE103322) provides 2,215 cells from
head and neck squamous cell carcinoma tumors profiled by SMART-Seq2, with TP63-
expressing and KRT5-expressing subpopulations used for within-tumor fidelity and fitness-
selection coupling analysis (Figure 4). The van Galen et al. (2019) dataset (GSE116256)
provides 30,712 cells from acute myeloid leukemia patients, used for the Mode 5 quiescent-

evasion analysis of G2/M phase fraction and CEBPA x BRCAZ2 coupling in the cycling fraction.

Cross-tissue and hematopoietic hierarchy single-cell analyses use the CZI CELLXGENE Census
(version 2024-07-01), accessed via the cellxgene-census Python package (v1.17.0). The Census
provides a unified interface to >30 million normal human cells from published scRNA-seq
datasets with standardized cell type ontology annotations. For each cell type, expression data for
29 model genes were retrieved using the obs_value_filter parameter with tissue, cell_type, and
disease="normal’ constraints. For tissues exceeding 100,000 cells (lung, breast), dataset_id pre-
filtering targeted smaller constituent datasets to avoid query timeouts. Cell types exceeding 5,000
cells were randomly subsampled (seed = 42). Within-cell-type Spearman correlations were
computed for gene pairs where both genes exceeded 3% non-zero expression. Donor-level
pseudo-bulk correlations were computed by averaging expression per donor within each cell type
(minimum 10 cells per donor, minimum 5 donors per cell type), then computing Spearman p
across donors. This inter-individual approach produces correlations driven by biological
variation rather than technical cell-to-cell noise, and is directly comparable to the inter-patient

correlations in the TCGA bulk analysis. Twenty-two cell types across 9 tissues (107,585 cells)



were analyzed at within-cell-type resolution; 10 cell types across 9 tissues (162 donors) at
pseudo-bulk resolution; and 15 hematopoietic cell types (110,007 cells, 9-36 donors per type)
were analyzed for lineage routing decisions. The reproducibility script
(08_census_singlecell_validation.py) and all results (census_singlecell_validation.json,
census_pseudobulk_validation.json, hsc_hierarchy_routing.json) are deposited with the

manuscript.

9.2 Gene Panel

The model gene panel comprises 49 human genes selected on mechanistic grounds from the
ARC model described in Parts 2 and 3 (the full extended panel of 69 genes, including additional
genes analyzed in specific sections, is detailed in Table S1). The genes are organized by
functional category as follows. regulatory coordination: NUMB (Entrez 8650), NUMBL (9253),
PRKCI (5584), PRKCZ (5590), DLG1 (1739), PARD3 (56288), SCRIB (23513), SIRT1
(23411), SIRT6 (51548), CDK6 (1021), RB1 (5925), E2F1 (1869), CCND1 (595), TET2
(54790), TET3 (200424), TDG (6996), OGG1 (4968), MUTYH (4595), NEIL1 (79661), XRCC1
(7515), EZH2 (2146), KDM6A (7403). execution: CLSPN (63967), PCNA (5111), PARP1
(142), CHEK1 (1111), ATR (545), FANCI (55215), FANCD?2 (2177), PLK1 (5347), AURKA
(6790), DNMT1 (1786), CDK4 (1019). Classified as regulatory coordination based on molecular
criteria: BRCA1 (672; partner-independent ICL repair function; Bunting et al. 2012 ), BLM
(641; excluded from class analysis as ambiguous paralog), WRN (7486; excluded from class
analysis as ambiguous paralog). Additional panel members: MFN1 (55669), OPA1 (4976), FIS1
(51024), BAX (581), BAK1 (578), BCL2 (596), MCL1 (4170), APEX1 (328), POLK (51426),
REV3L (5980), TOP2B (7155), MKI67 (4288), MYC (4609). Mouse orthologs were identified

by standard nomenclature conversion (human UPPERCASE to mouse Sentence case) and



confirmed present in the Haber 2017 expression matrix for 48 of 49 genes (missing: PRIMPOL
only; Rev3l and Numbl are present in both the UMI-count and SMART-Seq? atlases). A
separate PIDD1 network analysis (§6.8) extends the panel with five additional genes: PIDD1
(55367; listed as LRDD in Xena HiSeqV2), CASP2 (835), CRADD (8738), ANKRD26 (22852),

and MDM2 (4193). These are reported independently from the 28+8 primary classification.

9.3 Cell Cycle Phase Scores

Cell cycle phase composite scores were computed as the mean z-score of phase-specific marker
genes across samples within each cohort (cell cycle scoring approach adapted from Tirosh et al.,
2016). G1 markers: CDT1 (81620), CDKN1B (1027), RB1 (5925), CCND1 (595), CDK4
(1019), CDKS6 (1021). S-phase markers: PCNA (5111), MCM2 (4171), MCM3 (4172), MCM4
(4173), MCMS5 (4174), MCM6 (4175), MCM7 (4176), GMNN (51053), CCNA2 (890). G2/M
markers (G2M_min composite): CDK1 (983), CCNB1 (891), CCNB2 (9133), PLK1 (5347),
AURKA (6790), AURKB (9212), BUB1 (699), TOP2A (7153), CDC20 (991). Phase scores
were used as control variables in analyses where cell-cycle-phase confounding could produce
spurious correlations and as the basis for the Census Catalog cell-cycle-phase assignment (each

gene assigned to the phase with which its expression most strongly correlates).

9.4 Statistical Methods

All pairwise gene correlations are Spearman rank coefficients computed on complete-case pairs
(samples where both genes have non-missing expression values). For the multi-cohort TCGA
analysis, per-cohort Spearman correlations were pooled using the Fisher z-transform: each p was
converted to z = arctanh(p), weighted by (n — 3) where n is the per-cohort sample size, and the

inverse-variance-weighted mean z was back-transformed to yield the pooled p. The change



between normal and tumor tissue was quantified as Ap = p_tumor — p_normal, computed from

the pooled values.

The null distribution for Ap was established using 50 control pairs formed by crossing five model
genes (NUMB, MFN1, OPA1, BAX, APEX1) with ten housekeeping genes selected for stable
expression across tissues (GAPDH, ACTB, TUBB, RPL13A, HPRT1, SDHA, YWHAZ, UBC,
TBP, HMBS). The control null distribution has mean absolute Ap of 0.124 and 95th percentile of

0.310.

The Class I versus Class II separation was tested using the two-sided Mann-Whitney U statistic
on absolute Ap values, with the one-sided alternative hypothesis that Class I values exceed Class
IT values. The bootstrap confidence interval on the mean difference was computed using 10,000
resamples with replacement from each class independently, computing the mean difference for
each resample, and taking the 2.5th and 97.5th percentiles to define the 95 percent interval. The
permutation test for the overall model-pair signal (all 54 model pairs versus 50 controls) used
10,000 random label shuffles, computing the mean absolute Ap for the model-labeled group in

each shuffle and comparing the observed value to the permutation distribution.

For single-cell analyses, pseudo-bulks were constructed by summing raw UMI counts (10x data)
or TPM values (SmartSeq2 data) across all cells belonging to the same combination of patient,
tissue type (tumor or normal), and cell compartment (epithelial, as determined by the original
authors' cell-type annotations). Pseudo-bulks containing fewer than 30 cells were excluded from
analysis to ensure stable average expression estimates. The summed counts or TPM values were
normalized by counts per million (CPM) scaling: each gene's summed value was divided by the

total sum across all genes for that pseudo-bulk and multiplied by 106. The CPM-normalized



values were then log1p-transformed (log(1 + CPM)). Spearman rank correlations were computed

across pseudo-bulks within each condition (normal or tumor) separately.

Execution-pair and commitment-pair mean coupling values reported in the Abstract, §6.6, §6.7,
and Figure 4 are computed across explicit pair sets defined on functional grounds. The
execution-pair mean uses the 3-pair fork-execution set: CLSPN x PCNA, DNMT1 x PCNA, and
PLK1 x AURKA — three structurally obligate Class II partnerships at the replication fork and at
the mitotic spindle whose coupling reflects the obligate machinery requirement for cell division.
The commitment-pair mean uses the 4-pair write/erase set: TDG x EZH2, OGG1 x BAX, TDG
x BAX, and OGG1 x EZH2 — four pairs spanning the C — T (TDG-mediated) and G - A
(OGG1-mediated) subsystems of the §3.3 write/erase matrix coupled to the EZH2-mediated
chromatin and BAX-mediated death arms. The same pair sets are applied across all cell types
where the constituent values are available in the deposited Census pseudo-bulk data
(census_pseudobulk_validation.json and hsc_hierarchy_routing.json). The HSC and classical-
monocyte hierarchy compartments contain all seven pair values; values for other hematopoietic

cell types in §6.7 use only the pairs reported in the deposited JSON files for that cell type.

9.5 Pelka 2021 Data Extraction Pipeline
The Pelka 2021 h5 file (GSE178341_crc10x_full_c295v4_submit.h5; 1.2 GB on disk) stores its

sparse expression matrix (CSC format: 764,460,511 non-zero entries in a 27,932 genes X
370,115 cells matrix) with a shuffle-then-deflate compression pipeline applied to single
monolithic chunks. The matrix/indices dataset (764,460,511 int32 entries) is stored as one gzip-
compressed chunk of 746 MB. The matrix/data dataset (764,460,511 float64 entries) is stored as

two gzip-compressed chunks of 314 MB and 141 MB respectively. Standard h5py access



decompresses each entire chunk into memory (2.9 GB for indices, 5.8 GB for data), exceeding

the available 3.9 GB RAM.

Because the Pelka dataset stores its 764-million-entry sparse matrix as single gzip-compressed
chunks with a shuffle filter, conventional h5py access exceeds available memory. A custom disk-
streaming pipeline was implemented: raw zlib stream decompression to temporary files, numpy-
vectorized byte-plane unshuffle via memory-mapped access, and targeted extraction of the 49-
gene panel across 168,295 epithelial cells grouped into 100 pseudo-bulk units (patient x tissue
type combinations with >30 cells each). The pipeline produces results identical to standard
sparse-matrix extraction on random test subsets. Normalization uses CPM with log1p
transformation; correlations are Spearman across pseudo-bulks within each condition. Full
implementation details and validation are available in the deposited analysis scripts

(06_pelka_preprocessing.py, 07_pelka_pseudobulk_mmr.py).

The pipeline's correctness was validated by extracting a random 1,000-cell subset using standard
h5py access (which succeeds for small subsets) and comparing the resulting expression values to
those produced by the disk-based pipeline for the same cells. All values matched to floating-

point precision.

9.6 Pre-Specified Criteria

The four criteria tested in Part 6, with their quantitative thresholds, are stated in §5.5. The criteria
are: (1) NUMB x marking-arm coupling should be stronger in cancer than normal in epithelial-
resolved analyses; (2) NUMB x polarity coupling should approach zero in cancer (|p| < 0.05 at
protein level); (3) at least two inter-layer sign reversals at |Ap| > 0.3; and (4) asymmetric-layer

coupling should decrease while symmetric-layer coupling is preserved.



9.7 Software and Reproducibility

All analyses were implemented in Python 3.12.3 using the following packages with version
numbers at time of final execution: numpy 2.4.4 (array operations and linear algebra), scipy
1.17.1 (scipy.stats.spearmanr for Spearman correlation and scipy.stats.mannwhitneyu for Mann-
Whitney U tests), h5py 3.16.0 (HDF5 file access for standard operations), requests 2.32.3 (HTTP
API access for UCSC Xena and cBioPortal), and the Python standard library modules zlib (raw
decompression), mmap (memory-mapped file access), gzip (compressed file reading), csv
(metadata parsing), and json (results serialization). All bootstrap and permutation analyses used
numpy.random.seed(42) for reproducibility. No proprietary software, commercial databases, or

non-public data were used.

The analysis scripts and their output files are as follows: 03_class_separation_validation.py
produces final_validation_results.json (28+8 pair Ap values, class separation statistics, Mann-
Whitney and bootstrap); 01_tcga_paired_normal_correlations.py produces
tcga_paired_normal_results.json (TCGA Blocks A through C); 02_tcga_extended_battery.py
produces tcga_extended_battery_results.json (Blocks D and E plus CLSPN correction);
04_layer_decoupling_analysis.py produces criterion4_entanglement.json (layer-level coupling
analysis); 06_pelka_preprocessing.py produces the cell-to-group mapping files;
07_pelka_pseudobulk_mmr.py produces pelka_pseudobulk_results.json and
pelka_mmr_stratification.json; 08_census_singlecell_validation.py produces
census_singlecell_validation.json, census_pseudobulk_validation.json, and
hsc_hierarchy_routing.json; 05_mode_test_lihc_prad_gbm.py produces mode_test_results.json;
09_g4_tfbs_analysis.py produces s2_g4_tfbs_analysis.json and s2_g4_tfbs_reproduced.json

(Supplementary Section S2 four-arm G4 TFBS enrichment); and the mouse cross-species



analysis produces mouse_cross_species_results.json. All JSON files contain the complete

numerical results with sufficient precision for independent verification.

9.8 Analytical Limitations

Several analytical choices warrant explicit acknowledgment. The fifty control pairs use five
model genes (NUMB, MFN1, OPA1, BAX, APEX1) crossed with ten housekeeping genes,
meaning the controls are not fully independent of the model. An independent control analysis
using 22 non-model regulatory pairs and 15 non-model execution pairs (§6.2) confirms that the
Class I/II separation is not an artifact of gene selection: independent replication-essential
execution pairs (mean |Ap| = 0.065) show the same preservation as the model's Class II (0.0396),
while independent regulatory pairs (0.170) match the model's Class I (0.1815). The 22
independent regulatory pairs are kinase-substrate cascades and transcription factor programs with
zero gene overlap with the model panel: EGFR x SOS1, BRAF x MAP2K1, AKT1 x MTOR,
JAK2 x STAT3, MAPK1 x ELK1, PIK3CA x AKT1, KRAS x BRAF, ABL1 x CRK, FGFR1 x
FRS2, PDGFRA x PLCG1, IGF1R x IRS1, RUNX1 x CBFB, FOX0O3 x CDKN1A, TP53 x
CDKNI1A, NOTCH1 x HES1, SMAD2 x SMAD4, TGFB1 x SMAD2, HIF1A x VEGFA,
NFE2L2 x HMOX1, RELA x NFKBIA, JUN x FOS, SOX2 x NANOG. The 6 strict replication-
essential execution pairs are: MCM2 x MCM5, MCM3 x MCM7, RFC2 x RFC5, POLR2A x
POLR2B, NDC80 x NUF2, SMC1A x SMC3. Nine additional tissue-biology-affected physical
complexes (proteasome, nuclear pore, chaperonin, adherens junction, COPI coat, translocon,
FACT complex, ATP synthase subunits) served as a third comparison class. This independent
analysis uses a single cohort (BRCA TCGA), while the model's values are pooled across nine
cohorts; multi-cohort pooling of the independent pairs would provide a more rigorous

comparison. The Fisher z-transform pooling assumes cohort independence, which is



approximately true for different cancer types but not perfectly so given the shared TCGA
platform and processing pipeline. The 30-cell minimum for pseudo-bulk construction is a
practical threshold; sensitivity analyses at different thresholds (20, 50, 100 cells) would
strengthen the finding's robustness. The 190 individual correlation tests are interpreted as a class-
level pattern rather than as individually significant findings, and no multiple-testing correction is
applied to individual Ap values; the primary statistical test is the single Mann-Whitney
comparison of Class I versus Class II absolute Ap distributions. Four of nine Class II pairs
involve a single hub gene (CLSPN); however, CLSPN pairs (mean |Ap| = 0.037) and non-
CLSPN Class II pairs (mean |Ap| = 0.042) show virtually identical disruption levels, and the
finding remains significant when all CLSPN pairs are removed (p = 1.1 x 103 for 28 Class I

versus 4 non-CLSPN Class II).

9.9 G4 Transcription Factor Binding Site Analysis

The transcription factor binding site enrichment analysis reported in §3.3.3 was conducted on 30
G4-containing promoters selected from genes with experimentally validated G4 structures
(defined as sequences with G4Hunter score > 1.5 within 1 kb upstream of the annotated
transcription start site). For each G4-containing sequence, proto-binding sites for six
transcription factor families (p53, NF-kB, ETS, YY1, KLF4, MAZ) were identified using
published consensus motifs from the JASPAR database. GC-matched null models were
constructed by generating 10,000 random sequences per gene, matched for length, GC content,
and dinucleotide frequency, and scanning each for the same TF motifs. Enrichment was
computed as the ratio of observed proto-site density in real G4 sequences to the mean density in
null sequences, with p-values derived from the empirical null distribution. All analysis scripts

and intermediate data are deposited with this manuscript.



9.10 Summary of Key Statistical Results

The primary statistical finding — the Mann-Whitney U test comparing Class I versus Class II
absolute Ap — is reported with the following complete statistics: U = 212, p = 8.53 x 10-°
(conservative, 28 versus 8), effect size (mean difference) = 0.117 (Class I mean |Ap| = 0.1815,
Class II mean |Ap| = 0.0396). For the core-only analysis: U = 160, p = 3.22 x 1077 (20 versus 8),
effect size = 0.139. Bootstrap 95% CI on mean difference: [0.1035, 0.1796] (conservative
scenario). Leave-one-out: worst-case p = 1.1 x 1075, Independent control validation (BRCA
TCGA, single cohort): independent regulatory pairs mean |Ap| = 0.170 (n = 22), independent
replication-essential execution pairs mean |Ap| = 0.065 (n = 6), tissue-biology-affected
complexes mean |Ap| = 0.315 (n =9; p = 8 x 104, Mann-Whitney U one-sided, versus
replication-essential). CLSPN dominance: CLSPN Class II mean |Ap| = 0.037, non-CLSPN Class
II mean |Ap| = 0.042, finding survives complete CLSPN removal (p = 1.1 x 10-3). All individual
Spearman p values, per-cohort sample sizes, and Ap values for all 61 model pairs and 50 control
pairs are provided in the deposited JSON files (§9.7). No multiple-testing correction is applied to
individual Ap values because the primary test is the single class-level Mann-Whitney
comparison; individual pair results are reported as pattern components, not as independently

significant findings.

9.11 Data Availability

All data used in this study are publicly available from the following repositories. TCGA
HiSeqV2 RNA-seq expression data: UCSC Xena (https://tcga.xenahubs.net), dataset
TCGA..sampleMap/HiSeqV?2 for each of nine cancer types. CPTAC protein quantification:
cBioPortal for Cancer Genomics (https://www.cbioportal.org/api), studies brca_cptac_2020,

coad_cptac_2019, gbm_cptac_2021, luad_cptac_2020, lusc_cptac_2021, paad_cptac_2021,



ucec_cptac_2020, molecular profile suffix _protein_quantification. Single-cell RNA-seq: NCBI
GEO accession GSE132465 (Lee et al. 2020), GSE178341 (Pelka et al. 2021), GSE92332
(Haber et al. 2017), GSE116256 (van Galen et al. 2019), GSE103322 (Puram et al. 2017). Cross-
tissue and hematopoietic hierarchy pseudo-bulk data: CZI CELLXGENE Census (version 2024-
07-01; https://chanzuckerberg.github.io/cellxgene-census/), accessed via the cellxgene-census
Python package (v1.17.0). No proprietary data, commercial databases, or non-public datasets

were used.

All quantitative values in Parts 68 trace to deposited JSON files produced by deposited scripts.
The pipeline is: Script - JSON — Manuscript value. The mapping is as follows. §6.1
permutation null: permutation_null_test.json. §6.2 primary results (28 Class I + 8 Class II Ap
values): final_validation_results.json. §6.3 pre-specified criteria: final_validation_results.json
(class_level_stats). §6.3 layer decoupling: criterion4_entanglement.json. §6.4 BER collapse and
fork protection: final_validation_results.json and insulator_arm_results.json. §6.5.1 HNSC
single-cell: hnsc_puram_results.json. §6.5.2 AML quiescent evasion:
aml_singlecell_cycling.json (single-cell) and aml_laml_bulk_correlations.json (bulk). §6.5.3—
6.5.5 mode tests (LIHC, PRAD, GBM): mode_test_results.json. §6.6 cross-tissue:
census_singlecell_validation.json and census_pseudobulk_validation.json. §6.7 hematopoietic
hierarchy: hsc_hierarchy_routing.json. §6.8 PIDD1 network: pidd1_network_results.json. §6.9
residualized: residualized_results.json. Pelka pseudo-bulk: pelka_pseudobulk_results.json. Pelka
MMR stratification: pelka_mmr_stratification.json. Mouse cross-species:
mouse_cross_species_results.json. §6.2 independent controls: independent_control_results.json.
86.3 CPTAC protein polarity: cptac_protein_polarity_dissolution.json. §6.3 Lee 2020 epithelial

pseudo-bulk: lee2020_epithelial_pseudobulk.json. §6.5.2 AML hierarchy CEBPA correlations:



aml_hierarchy_correlations.json. §6.6 additional Census tests: census_additional_tests.json. §86.8
tumor purity proxy: purity_proxy_and_controls.json. All deposited JSON files use a data freeze
date of 2026-05-22 (residualized_results.json: 2026-05-23). Source data for all data figures are
provided as CSV files (supplementary_class_separation.csv, figure3_fidelity_index.csv,
figure5_mode_tests.csv, figure5_aml_cycling.csv, figure4_gradient.csv, figure4_trajectory.csv,

figure4_routing.csv).

9.12 Code Availability

All analysis scripts and their output JSON files are available at
https://zenodo.org/records/20402773. The repository includes:
01_tcga_paired_normal_correlations.py through 09_g4_tfbs_analysis.py (primary analyses),
10_independent_control_analysis.py through 16_aml_cycling_analysis.py (extended
validations), 17_census_additional_tests.py through 22_pidd1_network_analysis.py (network
and cross-species analyses), and verify_manuscript_values.py (264-check programmatic
verification), along with all 25 JSON output files sufficient for independent verification of every
quantitative claim in the manuscript. The code requires only Python 3.12 with numpy, scipy,
h5py, and requests; no proprietary software is needed. A README documents the execution

order and expected outputs.

9.13 Statistical Methods Summary

All correlations are Spearman rank (scipy.stats.spearmanr). The primary statistical test is the
class-level Mann-Whitney comparison; individual pair correlations are descriptive. Where

multiple testing applies across the 190-test battery, the Bonferroni threshold is a = 2.6 x 10.



Sample sizes are reported at each point of use. No data points were excluded. Gene symbols

follow HGNC nomenclature.
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Supplementary Table S1: Gene Panel — Established Functions, Model
Interpretations, and Falsification Tests

Panel Composition

69 genes across 4 functional tiers. Each gene's tier assignment describes a functional relationship

within the model, not an intrinsic property of the protein.

Column Definitions

* Gene: HGNC-approved symbol

* Full Name: Official protein name

* Entrez ID: NCBI Gene ID for reproducibility

* Established Function: Published biochemical role (citations in main text)

* Model Tier: Tier 1 (environmental sensing), Tier 2 (chromatin state), Tier 3 (regulatory
coordination), Tier 4 (execution machinery)

* Model Role: Specific function within the ARC architecture

» Falsification Test: What observation would refute the model's assignment of this gene

Gene Full Name [Entrez Established Function Tier Model Role Falsification Test
NUMB NUMB endocytic 8650 Notch inhibitor; asymmetric(3 Partition system  [NUMB coupling
adaptor protein cell fate determinant; p53 organizer; couples [preserved (not
stabilizer via MDM?2 polarity to dissolved) in cancer
commitment
NUMBL NUMB-like 9253 NUMB paralog; genome- (3 Genome-integrity |[NUMBL tracks
integrity-associated comparator to commitment rather
functions NUMB than genome
integrity
PRKCI Protein kinase C iota |5584 Atypical PKC; apical 3 Polarity partner; [PRKCIxXNUMB
polarity complex member NUMB coupling |coupling preserved
target in cancer
PRKCZ Protein kinase C zeta |5590 Atypical PKC; Par complex |3 Polarity partner; [PRKCZxNUMB
member NUMB coupling  |coupling preserved
target in cancer
DLG1 Discs large homolog (1739 Scaffolding protein; 3 Polarity partner; |[DLG1xNUMB
1 basolateral polarity NUMB coupling |coupling preserved
target in cancer
PARD3 Par-3 family cell 56288 Apical polarity complex; |3 Polarity partner; [PARD3xNUMB
polarity regulator tight junction formation NUMB coupling |coupling preserved
target in cancer
SCRIB Scribble 23513 Basolateral polarity 3 Polarity partner; [SCRIBXNUMB
determinant NUMB coupling  |coupling preserved
target in cancer
EZH2 Enhancer of zeste 2146 H3K27 methyltransferase; (2 Chromatin writer; [EZH2xKDMG6A




homolog 2

PRC2 catalytic subunit

commitment-
direction marker

coupling preserved
in cancer

KDM6A Lysine demethylase |7403 H3K27 demethylase 2 Chromatin eraser; [KDM6AXEZH?2
6A EZH2 counter- coupling preserved
regulator in cancer
KDM6B Lysine demethylase 23135 H3K27 demethylase; 2 Chromatin eraser; [KDM6BXEZH?2
6B inflammation-responsive EZH2 counter- coupling preserved
regulator in cancer
KDM1A Lysine-specific 23028 H3K4/H3K9 demethylase |2 Chromatin eraser |[KDM1AXKDM5A
demethylase 1A coupling preserved
(LSD1) in cancer
KDM5A Lysine demethylase (5927 H3K4 demethylase 2 Chromatin eraser |[KDM5AXKDM1A
5A coupling preserved
in cancer
TET2 Ten-eleven 54790 Oxidizes 5mC — 2 'Write/erase TET2xTDG
translocation 2 5hmC/5fC/5caC; aKG- demethylation; coupling preserved
dependent metabolic gate in cancer
substrate
TET3 Ten-eleven 200424 Oxidizes 5mC — 5hmC; |2 TET2 functional |TET3xTET2
translocation 3 neuronal enrichment paralog coupling preserved
in cancer
TDG Thymine DNA 6996 Excises T from G:T 2 Template-strand  [TDGXTET2
glycosylase mismatches; excises eraser; completes [coupling preserved
5fC/5caC from DNA active in cancer
demethylation
0GG1 8-oxoguanine DNA (4968 Excises 8-oxoguanine; G4- 2 New-strand writer [OGG1xMUTYH
glycosylase gated BER initiation at G4 addresses;  |coupling preserved
commitment in cancer
chemistry
MUTYH MutY DNA 4595 Excises A opposite 8-0x0G |2 BER coordination [MUTYHxOGG1
glycosylase from DNA partner for OGG1 |coupling preserved
in cancer
NEIL1 Nei-like DNA 79661 Excises oxidized 2 BER fork-coupled [NEIL1xXRCC1
glycosylase 1 pyrimidines; replication glycosylase coupling preserved
fork associated in cancer
XRCC1 X-ray repair cross-  [7515 BER scaffold; recruits Pol B2 BER scaffold XRCC1xNEIL1
complementing and Lig II1 partner for NEIL1 |coupling preserved
protein 1 in cancer
APEX1 [Apurinic/apyrimidinic|328 BER endonuclease; redox |2 Death-coupled APEX1XBAX
endonuclease 1 factor for TF DNA binding nuclease; purging |coupling preserved
quality control in cancer
IDH1 Isocitrate 3417 Cytoplasmic IDH; produces |1 Metabolic gate; IDH1 couples to
dehydrogenase 1 oKG; R132H produces 2- oKG supply for  |[CDK4 (not CDK6)
HG TET/KDM in non-GBM
dioxygenases cancers
IDH2 Isocitrate 3418 Mitochondrial IDH; 1 Tissue-specific IDH2 couples to
dehydrogenase 2 produces aKG metabolic gate CDKG6 (not CDK4)
(myeloid isoform) [in AML
CDK6 Cyclin-dependent 1021 G1 kinase; RB1 1 Metabolic sensor; |CDKG6 regulatory
kinase 6 phosphorylation; kinase- couples to couplings preserved
independent TF oaKG/dioxygenase |in cancer
program
CDK4 Cyclin-dependent 1019 G1 kinase; RB1 4 Execution kinase; |CDK4xCCND1
kinase 4 phosphorylation structural CDK coupling dissolved
partner in cancer
RB1 Retinoblastoma 5925 Pocket protein; E2F 3 CDKG6 downstream |[RB1xCDK6
protein 1 repressor; cell cycle brake target; licensing  |coupling preserved
gate in cancer
E2F1 E2F transcription 1869 S-phase gene transcription |3 CDKG6 downstream [E2F1xCDK6
factor 1 factor target; S-phase coupling preserved
licensing in cancer
CCND1 Cyclin D1 595 CDK4/CDKS6 activating 3/4 Dual-classified: CCND1xCDK6
partner CDKG6 regulatory |preserved OR
(Class I) + CDK4 |[CCND1xCDK4
structural (Class II) |dissolved
SIRT1 Sirtuin 1 23411 NAD*-dependent 3 Metabolic- SIRT1xSIRT6

deacetylase; H3K9ac,

coupling dissolved




H4K16ac, p53, PGC-1a epigenetic coupling [in cancer
(unexpected)
SIRT6 Sirtuin 6 51548 NAD*-dependent Sirtuin SIRT6%SIRT7
deacetylase; H3K9ac, coordination coupling preserved
H3K56ac; DNA repair partner in cancer
SIRT7 Sirtuin 7 51547 NAD*-dependent Sirtuin SIRT7%SIRT6
deacetylase; H3K18ac; coordination coupling preserved
rDNA regulation partner in cancer
CLSPN Claspin 63967 Fork protection complex; Execution scaffold [CLSPNXPCNA
CHK1 activation; histone at replication fork |coupling dissolved
routing in cancer
PCNA Proliferating cell 5111 Replication clamp; K164 Execution clamp; |[PCNAxCLSPN
nuclear antigen ubiquitination substrate modification code |coupling dissolved
platform in cancer
PARP1 Poly(ADP-ribose) 142 DNA damage signaling; Fork protection PARP1xCLSPN
polymerase 1 chromatin relaxation complex member |coupling dissolved
in cancer
CHEK1 Checkpoint kinase 1 |1111 ATR substrate; S/G2 Fork protection CHEK1xCLSPN
checkpoint effector complex member |coupling dissolved
in cancer
ATR IATR serine/threonine |545 Replication stress sensor; Fork protection ATRxCLSPN
kinase CHEKT1 activator complex member |coupling dissolved
in cancer
[FANCI Fanconi anemia group|55215 FA pathway; ICL repair; Execution complex [FANCIXFANCD2
1 FANCD?2 partner (ID complex) coupling dissolved
in cancer
FANCD2 Fanconi anemia group(2177 FA pathway; ICL repair; Execution complex [FANCD2xFANCI
D2 monoubiquitination (ID complex) coupling dissolved
substrate in cancer
PLK1 Polo-like kinase 1 5347 Mitotic kinase; centrosome Execution kinase [PLK1xAURKA
maturation (mitotic) coupling dissolved
in cancer
AURKA Aurora kinase A 6790 Mitotic kinase; spindle Execution kinase |AURKAXPLK1
assembly (mitotic) coupling dissolved
in cancer
DNMT1 DNA 1786 Maintenance Fork-coupled DNMT1xPCNA
methyltransferase 1 methyltransferase; maintenance coupling dissolved
replication-coupled in cancer
BRCA1 BRCA1 DNA repair [672 HR; DSB signaling; HR regulatory BRCA1XRAD51
associated PALB2 - BRCA2 - RAD5], coordinator; Class I|coupling dissolved
loading (partner- in cancer
independent)
BRCA2 BRCA2 DNA repair (675 RADG1 loader; HR effector Commitment- BRCA2 decouples
associated direction marker |from lineage
markers in cancer
BLM Bloom syndrome 641 RecQ helicase; HJ Fidelity-providing |BLM couples to
helicase dissolution; G4 resolution helicase TLS (not fidelity)
'WRN Werner syndrome 7486 RecQ helicase; Fidelity-providing [WRN couples to
helicase exonuclease; G4 resolution helicase TLS (not fidelity)
BRIP1 BRCA1l-interacting (83990 Fe-S helicase; G4 Fidelity-providing |[BRIP1 couples to
helicase 1 (FANCJ) resolution; ICL repair helicase TLS (not fidelity)
MFN1 Mitofusin 1 55669 Outer mitochondrial Mitochondrial MFN1xOPA1
membrane fusion GTPase partition, OMM |coupling dissolved
fusion in cancer
OPA1 Optic atrophy protein (4976 IMM fusion; cristae Mitochondrial OPA1xMFN1
1 junction width control partition; cristae  |coupling dissolved
gating in cancer
FIS1 Mitochondrial fission (51024 Opposes OPA1; promotes Mitochondrial FIS1 promotes
protein 1 cristae junction opening partition; IMS fusion (not fission)
access in cancer context
BAX BCL-2-associated X (581 Pro-apoptotic; OMM pore Death-coupled BAXxAPEX1
protein oligomerization quality control; coupling preserved
purging in cancer
BAK1 BCL-2 578 Pro-apoptotic; OMM pore Death-coupled BAK1xAPEX1

antagonist/killer 1

oligomerization

quality control;

purging

coupling preserved
in cancer




BCL2 B-cell 596 |Anti-apoptotic; inhibits 3 Death-pathway Overexpression
CLL/lymphoma 2 BAX/BAKI1 pore formation anti-apoptotic should raise the
at OMM (Kale et al., 2018) component whose |commitment
ratio with pro- threshold; if the
apoptotic partners |[model is correct,
reflects BCL2-high cancers
commitment-gate [should show
threshold delayed purging
without altered
regulatory
coordination
MCL1 Myeloid cell 4170 Anti-apoptotic; short half- |3 Rapidly tunable MCL]1 inhibition
leukemia 1 life allows dynamic death-pathway should lower the
regulation (Czabotar et al., component; MCL1 |commitment
2014) half-life provides |threshold
temporal resolution [specifically in
to the commitment [MCL1-dependent
gate lineages; timing of
MCL1 loss relative
to cell cycle should
determine whether
purging or survival
results
POLK DNA polymerase 51426 'Y-family TLS polymerase; |3 Error-prone TLS; [POLK couples to
kappa bulky adduct bypass commitment helicases (not TLS)
chemistry in cancer
POLH DNA polymerase eta {5429 'Y-family TLS; UV 3 Error-prone TLS  |POLH couples to
photoproduct bypass; error- helicases (not TLS)
prone at 8-0xoG
REV1 REV1 DNA-directed |51455 dCMP insertase; TLS 3 G4 gate activator; |[REV1 loses
polymerase scaffold; chromatin dual function scaffold function in
maintenance cancer
REV3L REV3L catalytic 5980 B-family TLS polymerase; (3 Error-prone REV3L couples to
subunit of Pol { mutagenic extension extension; mark  [fidelity (not TLS)
installation
HLTF Helicase-like 6563 G4 helicase; PCNA K63- |3 Resolution HLTF/PRIMPOL
transcription factor polyUb E3 ligase architecture; fork |ratio same in cancer
reversal 'vs normal
TOP2B DNA topoisomerase (7155 DSBs at enhancers for loop (3 Enhancer- TOP2BxXxNUMB
1I-beta formation commitment coupling preserved
coupling in cancer
RAD51 RADG51 recombinase |5888 Strand invasion; HR 3 HR execution; RADS51xBRCA1
effector BRCAI1 loading  |coupling dissolved
target in cancer
PRIMPOL Primase-polymerase |— Leading-strand repriming at (3 Gap creation — PRIMPOL gaps
G4 structures K164 code — TLS [filled faithfully (not
by TLS)
GPX4 Glutathione 2879 Prevents lipid peroxidation; 3 Stem-associated  |GPX4 anti-coupled
peroxidase 4 ferroptosis suppressor redox defense to stemness
markers
MLKL Mixed lineage kinase [197259 Necroptosis executor; 3 Death execution; |[MLKL couples to
domain-like membrane permeabilization necroptotic purging |stemness (not
commitment)
MKI67 Ki-67 4288 Proliferation marker; PCL  [— Retired as primary |—
chromatin function proliferation
control
Notes

* Tier assignments describe functional relationships within the ARC model, not intrinsic
protein properties (82.2)

* CCND1 is dual-classified: Tier 3 with CDK®6 (regulatory), Tier 4 with CDK4 (structural)




« Falsification tests are stated as the observation that would refute the model's specific claim
about each gene

* Entrez IDs enable programmatic data retrieval for independent verification

* All established functions are cited in the main text at first mention of each gene

MYC MYC proto- 4609 Transcription 4 Mark-installation (MYC decoupled
oncogene factor; growth and readout; G4 from commitment
proliferation; G4- address exemplar |program in cancer
containing
promoter
PIDD1 p53-induced death (55367 PIDDosome 3 Replication-quality [PIDD1 network
domain protein 1 component; sentinel; couples  |coupling preserved
centrosome centrosome count to|in cancer
surveillance death pathway
CASP2 Caspase-2 835 Initiator caspase; |3 Death- CASP2 coupling to
PIDDosome differentiation PIDD1 preserved
effector; ancestral switch; centrosome-
bilaterian caspase coupled elimination
CRADD CASP2 and RIPK1 (8738 PIDDosome 3 PIDDosome CRADDxPIDD1
domain-containing adaptor; bridges scaffold coupling preserved
adaptor with death PIDD1 to CASP2
domain
ANKRD26 Ankyrin repeat 22852 PIDDosome 3 Centrosome number|ANKRD26
domain-containing regulator; sensor coupling to PIDD1
protein 26 centrosome preserved
licensing
MDM?2 MDM2 proto- 4193 E3 ubiquitin ligase; (3 Partition readout; [MDM2xNUMB
oncogene p53 degradation; NUMB stabilizes  |coupling dissolved

NUMB substrate

p53 by blocking
MDM?2

in cancer




Table S2: Complete Pair Inventory with Classification and Coupling Change
Data freeze: 2026-05-22 | Source: UCSC Xena TCGA HiSeqV2 log2(RSEM+1)
Method: Spearman rank; Fisher z-transform pooling (n-3 inverse-variance weights)

Cohorts: BRCA, KIRC, LUAD, LUSC, THCA, LIHC, COAD, HNSC, STAD (n = 5269)

Class-level statistics

* Class I: n=28, mean |Ap| = 0.1815

* Class II: n=8, mean |Ap| = 0.0396

* Mann-Whitney U = 212, p = 8.5260e-06 (one-sided, greater)

* Bootstrap 95% CI: [0.1035, 0.1796] (seed=42, 10000 resamples)

Class I: Regulatory Coordination (n=28)

# Pair p_normal p_tumor Ap Ap Direction n_cohorts
1 NUMB x +0.3378 -0.0211 -0.3590 0.3590 weakening 9
PARD3
2 BAK1 x APEX1 [+0.3363 +0.0361 -0.3001 0.3001 weakening 9
3 CDK6 x CCND1 |+0.2269 -0.0568 -0.2837 0.2837 'weakening 9
4 BAX x APEX1 [+0.5371 +0.2573 -0.2797 0.2797 'weakening 9
5 NUMB x DLG1 [+0.4567 +0.1888 -0.2679 0.2679 weakening 9
6 NUMB x +0.2630 +0.0134 -0.2496 0.2496 weakening 9
PRKCZ
7 CDK6 x E2F1  [+0.1095 -0.1344 -0.2439 0.2439 weakening 9
8 NEIL1 x XRCC1[+0.4469 +0.2065 -0.2404 0.2404 'weakening 9
9 TET2 x TET3  [+0.7108 +0.4807 -0.2301 0.2301 weakening 9
10 MFEN1 x OPA1 [+0.4233 +0.6464 +0.2231 0.2231 strengthening 9
11 OGG1 x +0.4849 +0.2765 -0.2084 0.2084 'weakening 9
MUTYH
12 TET2 x TDG  [+0.4340 +0.2329 -0.2012 0.2012 weakening 9
13 EZH?2 x KDM6A [+0.2036 +0.0109 -0.1927 0.1927 weakening 9
14 KDMI1A x +0.2281 +0.0380 -0.1901 0.1901 'weakening 9
KDM5A
15 NUMB x PRKCI [+0.2961 +0.1075 -0.1886 0.1886 'weakening 9
16 EZH2 x KDM6B [+0.1066 -0.0802 -0.1868 0.1868 weakening 9
17 SIRT6 x SIRT7 |+0.6792 +0.5047 -0.1744 0.1744 weakening 9
18 BRCA1 x +0.3536 +0.5273 +0.1737 0.1737 strengthening |9
RAD51
19 NUMB x SCRIB [-0.0641 -0.2084 -0.1443 0.1443 weakening 9
20 NUMB x MFN1 [+0.2789 +0.1472 -0.1316 0.1316 'weakening 9
21 NUMB x TOP2B|[+0.2657 +0.1567 -0.1089 0.1089 weakening 9
22 FANCD?2 x +0.5042 +0.6112 +0.1070 0.1070 strengthening 9
BRCA1
23 CDK4 x CDK6 |-0.2013 -0.1040 +0.0972 0.0972 strengthening 9
24 NUMB x OPA1 [+0.2648 +0.1720 -0.0928 0.0928 weakening 9
25 CDK6 x RB1  [+0.2959 +0.2189 -0.0771 0.0771 weakening 9
26 BAX x OGG1 [+0.2803 +0.2318 -0.0486 0.0486 'weakening 9
27 NUMB x POLK [+0.2644 +0.3071 +0.0427 0.0427 strengthening 9
28 NUMB x REV3L|[+0.2400 +0.2798 +0.0398 0.0398 strengthening 9
Class II: Execution (n=38)
# Pair p_normal p_tumor Ap Ap Direction n_cohorts
1 FANCI x +0.8355 +0.7290 -0.1066 0.1066 weakening 9
FANCD2




2 CLSPN x +0.4743 +0.5477 +0.0734 0.0734 strengthening |9
CHEK1

3 CLSPN x PARP1[+0.3932 +0.4383 +0.0451 0.0451 strengthening |9

4 PLK1 x AURKA [+0.6911 +0.7319 +0.0409 0.0409 strengthening |9

5 CLSPN x PCNA [+0.4561 +0.4293 -0.0268 0.0268 weakening o

6 DNMT1 x PCNA|+0.3383 +0.3532 +0.0149 0.0149 strengthening |9

7 CDK4 x CCND1 [-0.1523 -0.1454 +0.0069 0.0069 strengthening |9

8 CLSPN x ATR _[+0.3682 +0.3659 -0.0023 0.0023 [weakening 9

Per-cohort sample sizes

Cohort Tumor Normal Total

BRCA 1097 114 1211

KIRC 533 72 605

LUAD 515 59 574

LUSC 502 51 553

THCA 505 59 564

LIHC 371 50 421

COAD 286 41 327

HNSC 520 44 564

STAD 415 35 450

*Total** 4744 x5 05 F5269%*




Supplementary Table S3: C1-C5 Molecular Classification Scoring

Scoring Criteria (from Methods §9.6)

Each pair is scored on five molecular criteria for structural execution partnership:

* C1: Demonstrated direct physical binding (1 = yes, 0 = no)
* C2: Shared subcellular compartment during function (1 = yes, 0 = no)

* C3: Absence of partner-independent functions (1 = both partners lack independent roles, 0

= one or both have extensive independent functions)

» C4: Constitutive association (1 = constitutive complex, 0 = transient/damage-induced/cell-
cycle-restricted)

* C5: Co-expression reflects stoichiometric complex (1) or shared regulatory programming

(0)

Classification rule: Score > 4 - Class II (execution). Score <2 - Class I (regulatory). Score 3

— evaluated case-by-case with literature justification.

CLASS II PAIRS (Score > 4)

Pair

C1

C2

C3

C4

C5

Total

Class

Key evidence

CLSPNxPCNA

1

1

11

Direct binding
at replication
fork; CLSPN
has
independent
CHK1 role
(C3=0)

CLSPNxATR

11

Fork protection
complex; both
have
independent
functions

CLSPNxCHEK1

11

Claspin
mediates

ATR - CHK1;
CHEK1 has
CLSPN-
independent
substrates

CLSPNxPARP1

11

Fork protection
co-localization;
PARP1 has
extensive
independent
roles

DNMT1xPCNA

11

PCNA-
interacting
peptide (PIP
box); DNMT1
has PCNA-
independent
functions

FANCIXFANCD?2|

11

Obligate ID2
heterodimer; no

independent




functions
documented

PLK1xAURKA

11

Centrosome co-
localization;
both have
independent
mitotic
substrates

CDK4xCCND1

11

Obligate
kinase-cyclin
pair; CDK4
inactive
without

CCND1

CLASS I PAIRS — Polarity dissolution (Score < 2)

Pair

C1

C2

C3

C4

C5

Total

Class

Key evidence

INUMBx*PRKCZ

0

1

0

0

Indirect:
NUMB inhibits
Notch; PRKCZ
phosphorylates
Par3; both have
extensive
independent
roles

INUMBx*PRKCI

Same logic as
PRKCZ; co-
regulation
reflects shared
polarity
program

INUMBxDLG1

Both
basolateral; no
direct complex;
regulatory co-
expression

INUMB*PARD3

PARD3 is
apical; NUMB
is basolateral;
complementary
polarity

INUMBxSCRIB

Both
basolateral
polarity; no
direct binding
demonstrated

INUMB*POLK

Different
compartments;
no physical
interaction;
regulatory
coupling only

INUMBxTOP2B

Different
compartments;
no physical
interaction

NUMBxMFN1

Cytoplasmic vs
OMM; no
physical
interaction

NUMBxOPA1

Cytoplasmic vs
IMM; no
physical
interaction

INUMB*REV3L

Different

compartments;




mark-
installation

coupling

CLASS I PAIRS — BER/chromatin coordination (Score < 2)

Pair

C1

C2

C3

C4

C5

Total

Class

Key evidence

TET2XTET3

0

1

0

0

0

Paralogous
enzymes;
independent
substrates;
shared
regulatory
program

TET2xTDG

Sequential but
not complexed;
TDG acts on
TET2 product;
both have
independent
roles

OGG1xMUTYH

Sequential
BER on
opposite
lesions; no
direct complex

NEIL1xXRCC1

Direct binding
but transient;
both have
extensive
independent
roles

EZH2xKDMG6A

Opposing
enzymes on
H3K27; no
complex;
counter-
regulatory

EZH2xKDM6B

Same as
KDMG6A,;
inflammation-
responsive
'variant

KDM1AXKDMS5A

Both H3K4-
related
demethylases;
different
complexes;
shared
regulatory
targets

BAXXAPEX1

Different
compartments
(OMM vs
nucleus);
regulatory
coupling to
purging

BAK1xAPEX1

Same as
BAXXAPEX1

BAXxOGG1

Different
compartments;
death-BER
regulatory

coupling

CLASS I PAIRS — CDK/sirtuin coordination (Score < 2)




Pair C1 C2 C3 C4 C5

Total

Class

Key evidence

CDK6xCCND1(1 1 0 0 0

Direct binding but
CDKG® has kinase-
independent TF
functions (Kollmann
2013); CCND1 also
activates CDK4

CDK6xE2F1 |0 1 0 0 0

Indirect:

CDK6 - RB1 - E2F1;
both have extensive
independent roles

CDK6xRB1 |1 1 0 0 0

Direct substrate; but
CDKG6 has kinase-
independent
functions; RB1 has
CDK-independent
roles

CDK4xCDK6 |0 1 0 0 0

Same family;
different regulatory
contexts; no
heterodimer

SIRT6xSIRT7 (0 1 0 0 0

Different substrates
(H3K9ac vs
H3K18ac); co-
regulation reflects
shared NAD*

dependency

CLASS I PAIRS — Reclassified from Class II (Score 2-3, classified I on molecular

grounds)
Pair C1 C2 C3 C4 C5 Total Class Reclassification rationale
FANCD2xBRCA1(1 1 0 0 0 2 1 Damage-induced interaction (C4=0);
both have extensive partner-independent
functions (C3=0); Bunting 2012
MFN1xOPA1 0 0 0 1 0 1 1 Different membranes (OMM vs IMM,
C2=0); OPA1 has MFN1-independent
cristae function (C3=0); Frezza 2006
BRCA1xXRAD51 |0 1 0 0 0 1 1 Indirect loading
(BRCA1-PALB2 - BRCA2 - RAD51);
both have extensive independent roles;
compensatory strengthening
EXCLUDED PAIRS (Ambiguous paralogs)
Pair C1 C2 C3 C4 C5 Total Decision Rationale
BLMxWRN [0 1 0 0 0 1 Excluded Both RecQ
helicases;
different
diseases; non-
overlapping
substrates; no
heterodimer
TET1xXTET3 |0 1 0 0 0 1 Excluded Both
dioxygenases;
different tissue
distributions;
no heterodimer

Summary Statistics

* Class II (score > 4): 8 pairs (mean score 4.25)




* Class I (score < 2): 28 pairs (mean score 0.68)
* Excluded: 2 pairs
* Score 3 (borderline): 0 pairs

* The gap between highest Class I score (2, for NEIL1xXRCC1 and CDK6xRB1) and lowest
Class II score (4, for 6 pairs) is 2 points — no pair falls in the ambiguous zone.

Sensitivity to Classification Boundary

* Moving the boundary from >4 to >3 adds 0 pairs to Class II (no pairs score 3)

» The classification is robust because the C1-C5 criteria create a natural bimodal distribution
with a 2-point gap between classes
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