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Abstract 

Circadian clocks orchestrate tissue homeostasis by gating cell cycle, DNA repair, metabolism, and immune 

responses in time. However, the precise form, strength, and tissue specificity of this gating—and how it fails 

in cancer—remain poorly characterised. Here we introduce PAR(2), a stability-constrained, phase-dependent 

autoregressive framework of order two that systematically quantifies temporal coupling between core clock 

genes and downstream targets across diverse tissues and conditions. 

We applied PAR(2) to over 28,000 clock–target expression time series drawn from 22 publicly available 

circadian transcriptomic datasets spanning mouse liver, heart, cerebellum, intestinal organoids, and 

additional tissues. For each pair, PAR(2) jointly estimates phase-dependent linear coupling (via sinusoidal 

Fourier expansion of autoregressive coefficients) and eigenvalues summarising dynamical stability and 

oscillatory character. Residual-based permutation testing (ܤ = 1,000) and cross-tissue replication criteria 

control false discoveries; hits are classified into three confidence tiers. 

PAR(2) recovers known circadian gating relationships and reveals new candidate architectures. In mouse 

liver, Wee1 emerges as the most robustly gated target—a Tier 0 hit achieving FDR significance across two 

independent datasets (GSE54650 and GSE11923) and replicating in heart and cerebellum, with inferred 

eigenperiods of 22.8–24.5 hours consistent with circadian periodicity. In heart, Tead1/YAP1-linked gating 

connects circadian timing with Hippo pathway regulation; in cerebellum, Cdk1 and related cell-cycle 

regulators form the primary circadian-coupled module. In intestinal organoids, Apc mutation increases FDR-

significant gating density (3.8% to 6.7%) and elevates target-gene eigenvalues, collapsing the clock/target 

hierarchy gap (+0.35 wild-type, −0.025 ApcKO), while Bmal1 loss destroys the hierarchy through clock gene 

suppression (gap −0.04). Strikingly, the Apc/Bmal1 double mutant paradoxically restores the hierarchy gap 

(+0.11) through non-additive compensatory effects. Phase-gating terms consistently improved in-sample fit 

but did not reliably improve out-of-sample prediction, confirming PAR(2) as a descriptive discovery 

framework rather than a predictive model. 

PAR(2) provides a principled, permutation-tested approach to mapping clock–target gating architectures 

across tissues and perturbations, yielding testable hypotheses about circadian temporal organisation and its 

disruption in cancer. All analyses are reproducible via the PAR(2) Discovery Engine (https://par2-discovery-

engine.replit.app). 
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Introduction 

Circadian Gating, Tissue Defence, and Cancer Risk 

Circadian clocks coordinate physiology and tissue homeostasis by aligning cellular 

processes such as cell cycle, DNA repair, metabolism, and immune function with 

predictable day–night cycles (Bass and Takahashi 2010; Takahashi 2017; Reppert and 

Weaver 2002). The core transcription-translation feedback loop (TTFL) drives rhythmic 

output programs across tissues (Panda et al. 2002; Storch et al. 2002; Ko and Takahashi 2006). A key concept is “gating”: clocks actively gate the timing and probability of discrete 
events—DNA replication, mitosis, apoptotic decisions—to preferred phases of the day 

(Matsuo et al. 2003). Such gating confers protection by synchronising risky processes with 

periods of optimal repair capacity. 

Despite much work on rhythmic gene expression (Ueda et al. 2002; Zhang et al. 2014), the 

precise ways in which clock genes gate specific targets in different tissues remain 

incompletely understood. Most methods treat each gene independently, focusing on 

rhythmicity rather than interrogating the dynamical coupling structure between core 

clocks and downstream targets (Hughes et al. 2017; Hughes, Hogenesch, and Kornacker 

2010; Cornelissen 2014). There is growing evidence that circadian disruption is linked to 

increased cancer risk (Gery and Koeffler 2007; Hansen 2017; Masri and Sassone-Corsi 

2018; Sancar and Van Gelder 2021; Fu and Lee 2003). 

Here, we explore whether a systematic, dynamical modelling approach can reveal cross-

tissue circadian gating architectures from existing time-series data, modelling clock–target 

pairs as small dynamical systems with phase-dependent parameters constrained to remain 

stable. This work complements a companion study that establishes the AR(2) eigenvalue 

modulus as a measure of temporal persistence across species and tissues (Whiteside 

2026). 

Phase-Dependent AR(2) Models and Dynamical Stability 

Autoregressive models of order two (AR(2)) are a natural minimal representation for 

oscillatory systems (Hamilton 1994; Box et al. 2015). These models have a long history in 

economics (Sims 1980), control theory (Ogata 2010), and climate science (Hasselmann 

1976). Two coefficients capture damped oscillations with eigenvalues determining 

frequency, damping, and stability. We extend this by introducing a phase-dependent AR(2) 

framework (PAR(2)) in which coefficients depend smoothly on circadian phase through 

sinusoidal basis functions, with stability constraints enforced across all observed phases. 

For each clock–target pair, the target is modelled as: 

௧ܶ = (௧ߠ)1ܽ ௧ܶ−1 + (௧ߠ)2ܽ ௧ܶ−2 + ௧−1ܥ(௧ߠ)ܾ +  ௧ߝ
where ߠ௧  is the estimated circadian phase, ܥ௧−1 is the clock gene expression, and the 

coefficients are parameterised as: 



(ߠ)1ܽ = 10ߙ + (ߠ)11cosߙ + (ߠ)2ܽ(ߠ)12sinߙ = 20ߙ + (ߠ)21cosߙ + (ߠ)ܾ(ߠ)22sinߙ = 0ߚ + (ߠ)1cosߚ + (ߠ)2sinߚ  

This yields a linear regression problem subject to the constraint that (ܽ1(ߠ),  lies ((ߠ)2ܽ

within the classical AR(2) stability triangle at all phases: ܽ2 < 1, ܽ2 > −1, ܽ1 + ܽ2 < 1, ܽ2 − ܽ1 < 1 

The eigenvalues (ߠ)1,2ߣ of the companion matrix (ߠ)ۯ at each phase characterise the local 

dynamics: (ߠ)ۯ = (ߠ)1ܽ) 1(ߠ)2ܽ 0 ) 

Discovery Engine and Cross-Tissue Replication 

We use PAR(2) as a discovery engine for circadian gating architectures, controlling false 

discoveries through residual-based permutation tests (ܤ = 1000) and Benjamini–
Hochberg FDR control (Benjamini and Hochberg 1995) within each dataset. All source 

datasets are publicly available from NCBI GEO (Barrett et al. 2013). We classify hits into 

tiers: • Tier 0: FDR-significant in ≥ 2 independent datasets within the same tissue with 

consistent coupling and eigenstructure. • Tier 1: FDR-significant in ≥ 1 dataset in ≥ 2 distinct tissues with consistent 

patterns. • Tier 2: FDR-significant in a single tissue with robust geometric properties 

(eigenvalues in constrained stability regions, plausible eigenperiods). 

Scope and Limitations 

Our analysis is entirely based on existing gene expression time-series datasets. All 

inferences are correlative and model-based, assuming linearity, Gaussian noise, and phase-

dependence captured by first-order sinusoidal terms. Findings are hypothesis-generating 

rather than definitive—they suggest candidate circadian defence modules requiring 

experimental testing (Levine et al. 2020). 

Methods 

Datasets and Preprocessing 

We assembled a panel of publicly available mammalian gene expression datasets with 

circadian sampling (Table S1). Inclusion criteria: ≥ 8 time points with uniform spacing, 

coverage of core clock genes, and available normalised expression values. 



• Mouse multi-tissue (GSE54650): 12 tissues, 48-hour time course, 2-hour 

sampling, ݊ = 24 timepoints per tissue (Zhang et al. 2014) • Mouse liver (GSE11923): 48 hourly timepoints, high-resolution circadian dataset 

(Hughes et al. 2009) • Human blood (GSE48113): Forced desynchrony protocol (Archer et al. 2014) • Baboon multi-tissue (GSE98965): Multi-tissue circadian profiling (Mure et al. 

2018) • Intestinal organoids (GSE157357): WT, Apc-mutant, Bmal1-deficient, and 

Apc/Bmal1 double mutant genotypes 

Phase Estimation 

For each dataset, we estimated clock gene phase via cosinor regression: (ݐ)ܥ = 0ߚ + (ݐ߱)1cosߚ + (ݐ߱)2sinߚ +  (ݐ)߳
where ߱ = h−1, yielding phase ߶஼ 24/ߨ2 = arctan2(−2ߚ, 12ߚ√ and amplitude (1ߚ +  .22ߚ

Model Fitting and Significance Testing 

Parameters (ߙ௜௝,  ௞) are estimated by minimising the sum of squared residuals subject toߚ

stability constraints, using penalty-based regularisation and explicit checking on a dense 

grid of phases. We compare models with and without phase-dependent coupling to 

quantify the clock contribution. 

For significance testing, we use residual-based permutation (ܤ = 1000) with the test 

statistic: ߂ = log (RSS0RSS1) 

where RSS0 and RSS1 are residual sums of squares under null and full models. P-values are 

computed as: ݌ = 1 + (௕)߂}# ≥ obs}1߂ + ܤ  

Multiple testing correction uses Benjamini–Hochberg FDR at ݍ = 0.05 and ݍ = 0.10. 

Eigenvalue Analysis and Geometric Clustering 

For complex conjugate eigenvalues, we compute eigenperiods: 

eܶig(ߠ) =  ((ߠ)ߣ)arg߂ߨ2



We identify regions of coefficient space where eigenvalue ratios cluster among significant 

hits and compare the fraction of hits in these regions against null models. These geometric 

descriptors characterise the oscillatory properties of robust phase-dependent couplings 

but should not be interpreted as evidence for any specific mathematical constant governing 

biological design. 

Results 

Overview of Discovery Landscape 

Applying PAR(2) across all datasets, we analysed ∼104–105 clock–target pairs spanning 

liver, heart, cerebellum, and intestinal organoids (Figure 1). Many pairs showed no 

evidence for phase-dependent coupling; a subset displayed robust, phase-structured 

coupling with consistent eigenstructures forming the core of inferred gating architectures. 

Eigenvalue Ratio Clustering 

Among Tier 0 and Tier 1 hits, over 80% exhibited eigenvalue ratios clustering near specific 

regions of the stability triangle. Under null models (phase-randomised or residual-

permuted data), this clustering was reduced to levels expected under roughly uniform 

sampling of the stability triangle. We note that the stability constraint itself geometrically 

favours certain eigenvalue ratio ranges, and the observed clustering may partly reflect this 

constraint rather than a biological preference for specific ratios. The concentration appears 

to arise preferentially in systems supported as genuine phase-dependent couplings, but 

disentangling geometric from biological enrichment requires further investigation. 

Liver: Wee1-Centred Gating and DNA Damage Control 

In mouse liver datasets (Zhang et al. 2014; Hughes et al. 2009), Wee1 emerges as one of the 

most robustly gated targets—a Tier 0 hit with FDR-significant phase-dependent coupling to 

core clock genes and eigenstructures in the constrained stability region. The inferred 

coupling functions suggest gating peaks when DNA synthesis is minimal and repair 

capacity maximal, consistent with the known Wee1 circadian gating role (Matsuo et al. 

2003). Beyond Wee1, hits among other G2/M regulators and DNA damage response genes 

form a circadianly gated checkpoint module. 

Heart: Tead1/YAP1-Linked Gating 

Heart datasets highlight a module centred on Tead1 and YAP1-linked targets, connecting 

circadian timing with Hippo pathway and cell-cycle regulation. Eigenperiods fall in a 

compatible range with the 24-hour cycle. This suggests a distinct temporal architecture in 

which Hippo/YAP-linked signals are gated phase-dependently. 



Cerebellum: Cdk1-Linked Gating 

Cerebellum reveals Cdk1 and related mitotic regulators as key targets with eigenstructures 

in constrained stability regions, suggesting more direct gating of core mitotic machinery 

compared to the Wee1/Hippo modules in other tissues. 

Intestinal Organoids: Apc, Bmal1, and Paradoxical Hierarchy Restoration 

In intestinal organoids (GSE157357), PAR(2) analysis across four genotypes reveals a 

striking non-additive perturbation structure (Figure 3). Wild-type organoids show a clear 

AR(2) eigenvalue hierarchy: median |ߣ| for clock genes (0.754) exceeds that for target 

genes (0.407), yielding a gap of +0.347. Both single knockouts collapse this gap via opposite 

mechanisms: Bmal1-KO destroys the hierarchy by driving clock gene eigenvalues 

downward (߂ = −0.349), while Apc-KO destroys it by driving target gene eigenvalues 

upward (߂ = +0.171). The two effects are roughly symmetric in magnitude, both reducing 

the gap to approximately −0.03. 

Remarkably, the Apc/Bmal1 double mutant paradoxically restores the hierarchy gap to +0.107 through two independent compensatory routes. Adding Bmal1 loss to an Apc 

background suppresses target genes back toward WT levels (−0.135); conversely, adding 

Apc loss to a Bmal1-deficient background partially recovers clock gene persistence 

(+0.144). The two perturbations thus partially cancel at the hierarchy level despite 

compounding pathologically. 

Gene-level trajectories reinforce this picture. Wee1 shows the sharpest four-condition 

response: near-silent in WT (|ߣ| = 0.093), elevated in both single knockouts (BmalKO: 

0.610; ApcKO: 0.744), then suppressed in the double mutant (0.199)—consistent with 

Wee1 upregulation requiring at least one intact regulatory axis. Lgr5 reaches near-unit-

root territory in ApcKO (|ߣ| = 0.943), suggesting a shift toward a stem-cell-like high-

persistence attractor under Wnt pathway activation (Bunger et al. 2000). These findings 

are detailed in Supplementary Table S4. 

Cross-Tissue Gating Architecture Summary 

The cross-tissue gating architecture comparison is summarised in Figure 2 and Table 1. 

Cross-tissue circadian gating architectures identified by PAR(2) 

Tissue Central Module Key Targets Tier 

Liver Wee1-centred G2/M checkpoint, DNA repair 0 

Heart Tead1/YAP1-linked Hippo pathway, cell cycle 1 

Cerebellum Cdk1-centred Core mitotic machinery 1 

Intestine (WT) Stem cell markers Lgr5, Wnt/Apc targets 2 

Intestine (Apc) Enhanced gating Proliferation genes 1 

Intestine (Apc/Bmal1) Collapsed Loss of gating signatures — 



Discussion 

PAR(2) as a Discovery Engine 

The stability-constrained, phase-dependent AR(2) framework complements standard 

rhythmicity analyses (Hughes, Hogenesch, and Kornacker 2010; Cornelissen 2014; Thaben 

and Westermark 2014) by explicitly modelling clock–target coupling structure and stability 

properties. The stability constraint encourages balanced eigenstructures that cluster in 

specific regions of the stability triangle—useful geometric descriptors for classification but 

requiring caution against overinterpretation (Strogatz 2015; Alon 2006). 

Biological Hypotheses 

Our analyses generate testable hypotheses: (i) Wee1-centred gating protects liver against 

genotoxic stress via temporal separation of DNA synthesis from repair capacity; (ii) heart 

uses Hippo/YAP gating to balance regenerative capacity against inappropriate 

proliferation; (iii) cerebellum directly gates mitotic machinery; (iv) combined Apc/Bmal1 

disruption removes circadian temporal control of proliferative programs. These are 

consistent with established biology but require direct experimental validation (Matsuo et 

al. 2003; Sancar and Van Gelder 2021; Weisel et al. 2015; Ouyang et al. 2024). 

Limitations 

Key limitations include: reliance on observational expression data without causal 

perturbation; linearity and Gaussian noise assumptions; limited time resolution in some 

datasets; potential batch effects; and interpretational ambiguity (significant coupling does 

not imply direct physical interaction). Our tiered discovery scheme is pragmatic rather 

than a formal error rate guarantee. Phase estimation via cosinor regression introduces 

uncertainty, particularly for genes with weak or non-sinusoidal circadian profiles 

(Cornelissen 2014). Some datasets have small sample sizes (e.g. baboon with 12 timepoints 

per tissue (Mure et al. 2018)), which limits statistical power for AR(2) fitting. 

The PAR(2) model has 9 free parameters (2ߚ ,1ߚ ,0ߚ ,22ߙ ,21ߙ ,20ߙ ,12ߙ ,11ߙ ,10ߙ) fitted to as 

few as 22 effective observations (24 timepoints minus 2 lags). This parameter-to-

observation ratio creates overfitting risk. While the permutation-based significance testing 

partially addresses this (by comparing against null models with the same degrees of 

freedom), formal model comparison using AIC or BIC between the phase-dependent 

PAR(2) and the constant-coefficient AR(2)+exogenous model would provide additional 

protection against overfitting and is warranted in future work. 

The clustering of eigenvalue ratios near specific regions of the stability triangle could partly 

reflect geometric properties of the stability constraint rather than biological design—null 

model comparisons suggest the enrichment exceeds geometric expectation, but 

disentangling these effects requires further investigation. Similarly, any apparent 

alignment of eigenvalue ratios with the golden ratio (߮ ≈ 1.618) could be a geometric 

artifact of the stability triangle constraint rather than evidence for a biologically privileged 

ratio; formal null model comparisons controlling for stability-triangle geometry are 



required before such alignment can be attributed biological significance. All inferences are 

correlative; demonstrating causal gating requires targeted experimental perturbation. 

Future Directions 

Extensions include multivariate PAR(2) with sparsity-inducing penalties for network 

structure discovery, nonlinear extensions, systematic benchmarking against existing 

circadian coupling methods, integration with chronotherapy modelling (Dallmann, Okyar, 

and Lévi 2016), and experimental validation of predicted gating modules—particularly 

testing Bmal1 manipulation in Apc-mutant organoids against PAR(2)-derived predictions 

(Boman 2025; Boman et al. 2025; Nguyen, Lausten, and Boman 2025). 

Conclusion 

PAR(2) maps candidate circadian gating architectures across tissues and perturbations, 

supporting a view in which clocks deploy tissue-specific modules—Wee1, 

Hippo/YAP/TEAD, CDK1, and stem-cell markers—to temporally organise cell-cycle, repair, 

and regenerative processes. All findings are hypothesis-generating and made available 

through the PAR(2) Discovery Engine for independent replication and extension. 

Data and Code Availability 

All datasets are publicly available from NCBI GEO (Barrett et al. 2013) under accession 

numbers: GSE54650 (mouse 12-tissue atlas), GSE11923 (mouse liver high-resolution), 

GSE48113 (human blood forced desynchrony), GSE98965 (baboon multi-tissue), and 

GSE157357 (intestinal organoids). The PAR(2) Discovery Engine web platform provides 

interactive access to all analyses, including phase portrait exploration, root-space 

geometry, and cross-tissue validation, at https://par2-discovery-engine.replit.app. Analysis 

code is available as part of the web application and a standalone reproducibility package is 

included in the Supplementary Materials. 
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Figure Legends 
Phase-dependent coupling schematic. (A) Illustration of the PAR(2) model: clock gene 

expression modulates target gene autoregressive coefficients through phase-dependent 

coupling terms. (B) The stability triangle in AR(2) coefficient space, showing how phase-

dependent coefficients trace trajectories within the stable region. (C) Eigenvalue trajectories 

on the complex plane as circadian phase varies, with modulus encoding persistence and 

argument encoding oscillatory frequency. 

Cross-tissue gating architecture: statistically significant PAR(2) coupling. Dot plot of 

cross-tissue consensus PAR(2) coupling for target genes showing significant clock-gating in at 

least one tissue (GSE54650, 12 tissues). Point size and colour encode effect size (Cohen’s ݂2-

equivalent); only pairs reaching nominal significance (݌ < 0.05 before FDR) in the indicated 

tissue are shown. Three tissue-specific modules are identified: Wee1 gated in Liver (effect size 

1.79, Cry1/Nr1d1 drivers), Tead1 gated in Heart (effect size 1.85, Clock/Cry1 drivers), and 

Cdk1 gated in Cerebellum (effect size 0.48). Intestinal organoid gating (Lgr5, Axin2) is 

reported separately in Fig. 3 from GSE157357; the cross-tissue consensus scan does not 

include organoid data. 

Organoid perturbation results (GSE157357). (A) Clock-gene vs. target-gene median |ߣ| for 

four genotypes (Wild-Type, Bmal1−/−, ApcMin/+, and Apc/Bmal1 double-mutant), illustrating 

collapse and paradoxical restoration of the eigenvalue hierarchy gap. The WT gap (+0.347) 

is eliminated by both single knockouts via opposite mechanisms (clock collapse in BmalKO, 

target elevation in ApcKO); the double mutant partially restores the gap to +0.107 through 

two independent compensatory routes. (B) Four-condition eigenvalue trajectories for key 

genes Wee1, Lgr5, Arntl, and Mki67, highlighting non-additive perturbation effects. Values 

are mean-centred AR(2) eigenvalue moduli from 24-timepoint, 2 h-interval time series; clock 

genes: ݊ = 14; cancer-relevant targets: ݊ = 23. 
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