Supplementary Data:

Table S1. Library quality metrics for starved (SS) and growing (AG) U2OS cells.
	Metric 
	 AG 
	 SS

	Library size
	 ~22M 
	 ~23M 

	 NRF (complexity) 
	1
	1

	 PBC1 
	1
	1

	 Mitochondrial % 
	0%
	0%

	 Duplicate rate 
	0%
	0%

	 Proper pair rate 
	 ~99% 
	 ~99% 

	 MAPQ=60 (unique) 
	 ~89% 
	 ~89% 

	FRiP
	59.0 (SD = 8.0)
	10.3 (SD = 1.4)

	TSS
	7.6 (SD = 2.0)
	3.9 (SD = 0.8)



Table S2. IDR reproducibility analysis for ATAC-seq peak calling.
A. True replicate IDR (all pairwise comparisons)
	
	Active growth (AG)
	Starvation (SS)

	Replicate comparison
	Rep1 vs Rep2
	Rep1 vs Rep3
	Rep2 vs Rep3
	Rep1 vs Rep2
	Rep1 vs Rep3 / Rep2 vs Rep3

	Peaks passing IDR ≤ 0.05
	24,285
	23,729
	23,607
	7,046
	5,849 / 5,770

	Peaks passing IDR ≤ 0.10 (relaxed threshold)
	24,794
	24,082
	23,968
	7,094
	5,868 / 5,775

	Best pairwise comparison (Nt)
	Rep1 vs Rep2: 24,285
	Rep1 vs Rep2: 7,046


B. Self-consistency IDR (per replicate)
	
	Active growth (AG)
	Starvation (SS)

	Replicate
	Rep1
	Rep2
	Rep3
	Rep1
	Rep2 / Rep3

	Self-consistency peaks (IDR ≤ 0.05)
	20,679
	20,395
	18,717
	4,600
	6,893 / 4,424

	Ratio to Nt (self-consistency / best pairwise)
	0.85
	0.84
	0.77*
	0.65*
	0.98 / 0.63*


C. Peak set summary
	Peak set
	Active growth (AG)
	Starvation (SS)
	Notes

	Pooled pseudoreplicate peaks, Np (IDR ≤ 0.05)
	25,782
	11,053
	pooled_pr1 vs pooled_pr2

	RESCUE triggered (Np > Nt)?
	Yes; Np/Nt = 1.06
	Yes; Np/Nt = 1.57
	Optimal set = Np (see note b)

	Optimal peaks (final set)
	25,782
	11,053
	Used for all downstream analyses

	Conservative peaks
	0
	0
	Expected when rescue pathway is active (see note c)

	Replicated peaks (all replicates, union)
	303,518
	69,813
	Called on pooled BAM

	Relaxed peaks (IDR ≤ 0.10, union)
	24,794
	7,094
	Union of replicate peaks at relaxed threshold

	Consensus peak set (AG + SS merged)
	136,061 total peaks
	Used for differential accessibility analysis



a. IDR threshold = 0.05 throughout unless otherwise stated. MACS2 parameters: --shift -75 --extsize 150 -p 0.01 --nomodel. Pseudoreplicates generated by random read partitioning of the pooled BAM file. n = 3 biological replicates per condition.
b. RESCUE rule (ENCODE ATAC-seq guidelines): when the pooled pseudoreplicate peak count (Np) exceeds the best true replicate pairwise peak count (Nt), the optimal peak set is defined as Np. Both conditions triggered rescue (AG: Np/Nt = 1.06; SS: Np/Nt = 1.57). The elevated rescue ratio for SS is consistent with high between-replicate variability due to low per-replicate signal (FRiP 5.6–9.8%), resolved by pooling.
c. Conservative peaks = 0 is an expected consequence of the rescue pathway being active. The conservative set requires a stringent max-IDR filter across all merged regions; this filter yields zero peaks when the optimal set is anchored to pseudoreplicates rather than true replicates. The conservative set is not used in downstream analyses.
* Self-consistency ratios < 0.80 (AG Rep3 = 0.77; SS Rep1 = 0.65, Rep3 = 0.63) indicate lower within-replicate concordance. For SS, this reflects globally reduced chromatin accessibility (FRiP 5.6–9.8%). For AG Rep3, the ratio reflects slightly lower library complexity (self-consistency peaks 18,717 vs ~20,500 for Rep1/Rep2). All replicates were retained as they passed ENCODE FRiP and TSS enrichment thresholds after accounting for global chromatin compaction.

Table S3. Validation of invariant peak selection for TMM-based normalization of ATAC-seq data under global chromatin compaction.
A. Between-condition variability: invariant vs non-invariant peaks
	Peak category
	n peaks
	Between-condition CV mean ± SD
	M-value SD (MA plot)
	Wilcoxon p-value (vs non-invariant)
	Dual-condition presence

	Invariant peaks
	5,602
	0.076 ± 0.041 a
	0.396
	< 2.2 × 10⁻¹⁶ b
	100% (5,602/5,602)c

	Non-invariant peaks
	82,399
	0.271 ± 0.086 a
	0.837
	- (reference group)
	-

	All filtered peaks
	88,001
	-
	-
	-
	-

	Full consensus peak set
	136,061
	-
	-
	-
	80.6% (109,595/136,061)d


B. Fisher's exact test — dual-condition presence: invariant vs full consensus
	Comparison
	Odds ratio
	95% CI
	Fisher p-value
	Enrichment fold

	Invariant vs full consensus (dual-condition presence)
	> 367 e
	[367.5, ∞) e
	< 2.2 × 10⁻¹⁶ f
	1.24×



a Between-condition CV computed per peak across all six samples (AG n = 3; SS n = 3) as SD/mean of TMM-normalised counts. Reported as mean ± SD across peaks in each category. Median/IQR not available from pipeline output; mean ± SD reported instead. Fold reduction in CV: 3.6× (non-invariant / invariant).
b Two-sided Wilcoxon rank-sum test comparing CV distributions of invariant vs non-invariant peaks. W-statistic not extracted by pipeline; p-value reported as machine zero (< 2.2 × 10⁻¹⁶). M-value SD ratio (0.837 / 0.396 = 2.11×) provides an equivalent continuous measure of variability separation.
c 100% dual-condition presence confirms that all 5,602 invariant peaks are detectable in both AG and SS conditions, satisfying the primary criterion for a stable normalization reference. Overlap statistics calculated on the full unfiltered consensus set (136,061 peaks).
d 80.6% dual-condition presence for the full consensus set (109,595/136,061 peaks); 19.4% are condition-specific peaks representing genuine biological differences preserved after normalization.
e Odds ratio = ∞ (all invariant peaks present in both conditions; zero in AG-only or SS-only category), reported as lower bound of 95% CI (OR > 367.5). Fisher's exact test performed on 2×2 contingency table: invariant/non-invariant × dual-condition present/absent.
f Fisher p-value reported as machine zero (< 2.2 × 10⁻¹⁶). Enrichment fold = (% invariant in both) / (% all peaks in both) = 100% / 80.6% = 1.24×.
 Invariant peaks defined as peaks with ≥5 counts in ≥90% of samples, |LFC| ≤1, mean counts ≥10, detectable in ≥2 replicates per condition, selecting the top 50% most stable by CV. Filtered peaks (n = 88,001): peaks passing the ≥5 counts in ≥90% samples threshold from the full consensus set. All CV statistics computed on TMM-normalised counts using the TMM_IP size factors.

Table S4. Summary of fGSEA pathway enrichment analysis (SS vs AG).
	Gene Set Collection
	Total
	Up (NES≥0)
	Down (NES≤0)
	Top |NES|

	GO:BP
	670
	245
	425
	2.73

	GO:CC
	157
	30
	127
	2.73

	GO:MF
	148
	33
	115
	2.71

	Hallmark
	27
	14
	13
	2.90

	TF Targets
	76
	3
	73
	2.25

	Canonical Pathways
	-
	-
	-
	-

	Total
	1078
	325
	753
	-


FDR ≤ 0.01. Top |NES| indicates the highest absolute normalized enrichment score within each collection.




Statistical considerations in n=2 RNA-seq validation.
RNA-seq was performed with n=2 biological replicates per condition. While this limits statistical power for detecting genes with very small expression changes, our data exhibited low technical variance, and pathway-level analyses using gene set enrichment are inherently robust to lower sample sizes as they aggregate signal across multiple genes.
Dispersion Analysis. 
DESeq2 dispersion estimates showed a mean dispersion of 0.22 and median of 0.023, with 16.5% of genes exhibiting high dispersion (>0.5). These low dispersion values indicate well-controlled technical variance. With n=2 replicates per group, DESeq2 relies on empirical Bayes shrinkage toward the fitted dispersion trend to stabilize variance estimates (Figure S3A).
Statistical Power. 
We estimated statistical power for detecting differentially expressed genes based on the observed dispersion distribution and assuming moderate expression levels (baseMean=100). Power varies substantially with gene-specific dispersion: for the majority of genes (83.5%) with low-to-medium dispersion (≤0.5), power exceeds 78% for |LFC| ≥ 0.5 and approaches 100% for |LFC| ≥ 1.0. However, for genes with high dispersion (16.5% of expressed genes), power is reduced to approximately 16% for |LFC| ≥ 0.5 and 47% for |LFC| ≥ 1.0. These estimates substantially exceed typical expectations for n=2 RNA-seq experiments; published analyses of yeast data with higher biological variability predicted only 15-25% power at |LFC| ≥ 1.0 {Schurch, 2016 #5541}. The higher power observed in our dataset reflects low median dispersion (0.023) and controlled experimental conditions. Our stringent threshold (|LFC| ≥ 1, padj < 0.05) therefore provides high-confidence detection for the majority of genes while potentially missing genes with both small fold changes and high dispersion (Figure S3B).
Sensitivity Analysis. 
To assess robustness of our findings to threshold selection, we performed sensitivity analysis using relaxed criteria (|LFC| ≥ 0.5, padj < 0.1). This identified 6,572 DEGs compared to 2,664 with original thresholds (|LFC| ≥ 1, padj < 0.05). The proportion of upregulated genes decreased from 64.5% with stringent thresholds to 50.5% with relaxed thresholds (Figure S3C). This pattern argues against a simple detection bias favoring large upward changes; if detection bias were the primary driver, we would expect the upregulation bias to persist or increase with relaxed thresholds. Instead, the decreased proportion suggests that genes with larger fold changes (which meet stringent thresholds) are genuinely more likely to be upregulated during starvation, a biological pattern that occurs despite global chromatin compaction.
Threshold Stability. 
Analysis across varying threshold combinations (padj: 0.01-0.15; |LFC|: 0.5-2.0) demonstrated that the proportion of upregulated genes increases with stricter fold-change thresholds (48% at |LFC|≥0.5 to 81% at |LFC|≥2.0), indicating that starvation-upregulated genes tend to exhibit larger magnitude changes than downregulated genes. This directional asymmetry is maintained across all tested thresholds (Figure S3D), supporting its biological rather than statistical origin.

ATAC–RNA steady-state integration pipeline.
Differential chromatin accessibility and differential gene expression statistics were generated upstream using established RNA-seq and ATAC-seq analysis workflows described in the main Methods section. The integration pipeline operates on the resulting differential analysis tables to quantify concordance between chromatin accessibility changes and transcriptional responses. The pipeline addresses the following analytical objectives:
• Quantify genome-wide relationships between chromatin accessibility and transcriptional changes.
• Compare regulatory contributions of promoter-proximal and distal regulatory elements.
• Measure directional concordance or discordance between chromatin accessibility and gene expression.
• Identify genes exhibiting coordinated chromatin and transcriptional regulation.
• Classify genes into regulatory response categories.

The workflow is implemented as five modular scripts that perform data preparation, statistical integration, visualization, regulatory classification, and robustness analysis. Pipeline architecture is outlined in Figure S6 and described below.
Input datasets
The pipeline integrates three differential analysis tables:
· RNA-seq differential expression 
· Promoter ATAC-seq differential accessibility
· Enhancer ATAC-seq differential accessibility

Module 1: Data preparation and feature matching.
This module prepares RNA-seq and ATAC-seq differential analysis outputs for integrative analysis. The following steps are performed:

1. Data loading and filtering
RNA and ATAC features are imported from DESeq2 output tables. To reduce noise while avoiding statistical bias, independent filtering based on expression/accessibility level is applied using a moderate threshold: baseMean ≥ 10. 

2. Direction classification
Each feature is classified according to the direction of change between SS and AG conditions:
· UP – positive LFC exceeding threshold
· DOWN – negative LFC exceeding threshold
· UNCHANGED – not meeting significance or fold-change thresholds
To minimize selection bias and evaluate robustness of observed correlations analyses are performed using both:
· unfiltered datasets
· filtered subsets (padj ≤ 0.05 and |LFC| ≥ 1)

3. Matching RNA and ATAC features
Gene identifiers are used to match RNA-seq differential expression results with promoter-associated and enhancer-associated ATAC peaks. Where multiple peaks map to a single gene, accessibility changes are summarized at the gene level using mean or weighted average LFCs. The module outputs matched promoter–RNA and enhancer–RNA datasets used in downstream analyses.

Module 2: Statistical integration analysis
This module quantifies statistical relationships between chromatin accessibility changes and transcriptional responses. The following steps are performed:

1. Correlation analysis
Global relationships between ATAC accessibility and RNA expression are evaluated using Pearson correlation and Spearman rank correlation applied to LFC.

2. Directional concordance analysis
Gene responses are summarized using 3×3 contingency tables representing combinations of accessibility and expression states (UP, DOWN, UNCHANGED).Associations are tested using Fisher’s exact test and Chi-square tests.

3. Agreement metrics
To quantify concordance beyond chance expectation, Cohen’s kappa coefficient is calculated.

4. Multi-layer regression
To assess the relative contributions of proximal and distal regulatory elements, a multivariable linear model is fitted:
RNA LFC ~ promoter LFC + enhancer LFC.
Model coefficients and goodness-of-fit statistics are used to estimate the explanatory contribution of each regulatory layer.

Module 3: Visualization
This module generates figures summarizing ATAC–RNA relationships.
Key visualizations include:
ATAC–RNA scatter plots
Directional contingency heatmaps
Venn diagrams showing overlap between differentially regulated genes and regulatory features.
Expression distribution plots
Violin plots depicting RNA expression changes stratified by chromatin accessibility direction.
Concordance comparison plots

Module 4: High-confidence regulatory relationship identification
This module identifies genes exhibiting robust coordinated regulation at chromatin and transcriptional levels.
High-confidence regulatory relationships are defined using stringent thresholds:
· padj ≤ 0.01
· |LFC| ≥ 2
· concordant direction between accessibility and expression
Genes are classified into regulatory response categories:

	Category
	Definition

	Concordant-UP
	increased accessibility and increased expression

	Concordant-DOWN
	decreased accessibility and decreased expression

	ATAC-only
	accessibility change without transcriptional change

	RNA-only
	transcriptional change without accessibility change

	Discordant
	opposite directions of accessibility and expression

	Other
	neither layer significantly altered



Module 5: Significant-feature correlation analysis
Weak genome-wide correlations between chromatin accessibility and transcription may arise from noise introduced by non-responsive features.
To evaluate this possibility, correlations are recalculated across multiple feature subsets:
· all matched features
· features significant in both assays
· ATAC-significant features
· RNA-significant features
· features significant in either assay
· features with large fold changes
Correlation coefficients are compared using Fisher’s Z-transformation to determine whether restricting analyses to responsive features reveals stronger chromatin–transcription coupling.

ATAC-RNA integration workflow: 
The computational workflow can be summarized as the following sequential algorithm.
Input
· RNA-seq differential expression table (gene, baseMean, LFC, padj)
· Promoter ATAC-seq differential accessibility table
· Enhancer ATAC-seq differential accessibility table
· Promoter and enhancer gene annotations
Output
· Matched ATAC-RNA datasets
· Statistical association metrics
· Regulatory classification of genes
· Lists of high-confidence regulatory targets
Step 1. Data preparation
1. Load RNA-seq and ATAC-seq differential analysis tables.
2. Apply independent filtering using expression/accessibility threshold
baseMean ≥ 10.
3. Classify each feature into directional states:
· UP
· DOWN
· UNCHANGED
Step 2. Gene-level matching
1. Map promoter ATAC peaks to genes using closest TSS.
2. Map enhancer peaks to candidate target genes using GeneHancer associations.
3. Restrict enhancer assignments to top-ranked target genes.
4. Match RNA and ATAC features by gene identifier.
5. Aggregate multiple ATAC peaks per gene using mean or weighted LFC.
Step 3. Statistical integration
For matched gene sets:
1. Compute correlation between ATAC and RNA LFC
· Pearson correlation
· Spearman correlation
2. Generate 3×3 contingency tables of directional states.
3. Test association using:
· Fisher’s exact test
· Chi-square test
4. Quantify concordance using Cohen’s kappa.

Step 4. Multi-layer regulatory modelling
Fit regression model:
RNA LFC ~ promoter accessibility change + enhancer accessibility change
Evaluate:
· regression coefficients
· model significance
· explained variance (R²)
Step 5. High-confidence regulatory events
Identify genes satisfying:
· RNA padj ≤ threshold
· ATAC padj ≤ threshold
· |LFC| ≥ threshold
· concordant directional change
Classify genes into:
· Concordant-UP
· Concordant-DOWN
· ATAC-only
· RNA-only
· Discordant
· Other
Step 6. Correlation robustness analysis
Repeat correlation analysis on subsets:
· all features
· both significant
· ATAC significant
· RNA significant
· either significant
· high fold-change features
Compare correlations using Fisher’s Z-transformation.

