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Abstract 

Assay for transposase-accessible chromatin using sequencing (ATAC-seq) is a cornerstone for epigenomic profiling, yet its potential for genomic 
characterization remains poorly explored. Here, we systematically benchmarked bulk ATAC-seq against whole-genome sequencing (WGS) to 
assess its capacity for detecting small variants, copy number variations (CNVs), telomere-associated repeat content, and mitochondrial single- 
nucleotide polymorphisms in cancer cells. Using paired datasets from patient-derived melanoma cell lines and from TCGA primary brain tumors, 
we demonstrated that ATAC-seq achieves high precision in small variants detection within accessible regions supporting cohort-scale genotyp- 
ing and genetic stratification, robustly resolves CNVs in the nuclear genome, and supports high-coverage mitogenome profiling, with strong 
concordance to WGS at standard sequencing depths. Notably, we present the first systematic evaluation of telomere-associated repeat content 
by ATAC-seq, revealing its untapped potential for studying genome st abilit y. By bridging genomic and epigenomic insights into a single genome- 
wide approach, bulk ATAC-seq emerges as a cost-effective and versatile tool poised to transform cancer research and to support integrative 
molecular profiling in clinical settings. 
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rangements, and chromosomal instability constitute core hall- 
marks of cancer genomes and act in concert to drive ma- 
lignant behavior. In the clinical setting, systematic interroga- 
tion of these genomic alterations is indispensable for diagno- 
sis, classification, and treatment selection, particularly within 

precision oncology frameworks. Mutations affecting onco- 
genes such as BRAF , EGFR , or MYC directly inform tar- 
geted therapeutic strategies and have substantially improved 

patient outcomes [ 6 , 7 ]. Accordingly, tumor genomic profil- 
ing currently relies on a combination of resource-intensive 
technologies—including comparative genomic hybridization, 
karyotyping, whole-genome and whole-exome sequencing, 
and fluorescence in situ hybridization—to capture comple- 
mentary aspects of genome structure and variation [ 8 ]. While 
these approaches provide detailed access to the tumor genome, 
they offer limited insight into the epigenomic layer that regu- 
lates gene expression and cellular state. Yet, epigenomic dys- 
regulation is now recognized as a fundamental driver of cancer 
therapeutic response and relapse [ 9 ]. Altered chromatin ac- 
cessibility, histone modifications, and DNA methylation pat- 
terns, indeed, rewire regulatory circuits, enabling oncogene 
activation, tumor suppressor silencing, and transcriptional 
plasticity. In particular, aberrant chromatin accessibility can 

directly promote oncogenic programs through enhancer hi- 
jacking, super-enhancer reorganization, and transcription fac- 
tor rewiring [ 10–12 ]. Beyond tumor initiation, epigenomic 
states critically influence tumor evolution under therapeu- 
tic pressure. Chromatin accessibility is closely tied to drug 
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hromatin accessibility is a central determinant of genome
unction, governing how regulatory information encoded in
NA is interpreted to establish cell identity, support devel-
pmental programs, and enable adaptive responses to envi-
onmental cues. Perturbation of chromatin accessibility land-
capes is tightly linked to disease states and has emerged as
 defining feature of cancer, where epigenetic and transcrip-
ional deregulation contribute to tumor initiation, progres-
ion, and therapy resistance [ 1 , 2 ]. The advent of ATAC-seq
Assay for Transposase-Accessible Chromatin using sequenc-
ng), which couples genome-wide Tn5 tagmentation to high-
hroughput sequencing, has transformed the study of chro-
atin organization by enabling rapid, high-resolution profil-

ng of accessible chromatin from limited material. Since its
ntroduction as a streamlined alternative to DNase-seq and
AIRE-seq, ATAC-seq has been extensively validated as a ver-
atile method to map regulatory elements, infer transcription
actor activity, and characterize enhancer landscapes across
iverse biological systems [ 3 ]. Continuous technical refine-
ents have further broadened its applicability to heteroge-
eous and clinically derived samples, reinforcing its impor-
ance for translational research [ 4 , 5 ]. 

Cancer, however, is not solely an epigenetic disease. Tu-
or development arises from the combined action of genomic

nd epigenomic alterations that together shape cellular fit-
ess, plasticity, and evolutionary trajectories. Somatic point
utations, copy number variations (CNVs), structural rear-
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sensitivity and resistance, and epigenomic features can serve
as predictive biomarkers of clinical outcome [ 13 , 14 ]. Consis-
tently, therapy-resistant cells often undergo epigenetic repro-
gramming, entering drug-tolerant states that ultimately seed
relapse. Despite this central role in cancer biology and treat-
ment response, epigenomic profiling remains largely absent
from routine clinical workflows, in part because accessible and
cost-effective technologies capable of integrating genomic and
epigenomic information are still lacking. 

Identifying a single experimental approach capable of cap-
turing both genome structure and regulatory state would sub-
stantially streamline molecular profiling of cancer samples
and fill a major gap in current cancer diagnostics. Because
of its intrinsic properties, ATAC-seq occupies a unique po-
sition in this landscape. Although primarily developed as an
epigenomic assay, ATAC-seq generates genome-wide sequenc-
ing data that inherently retain information about underlying
DNA sequence. This raises the possibility that bulk ATAC-
seq could serve as a dual-purpose platform for joint genomic
and epigenomic characterization—provided that its genome-
derived signals can be robustly interpreted and validated. 

Beyond its canonical use for identifying accessible chro-
matin regions, ATAC-seq provides multiple complementary
readouts of chromatin-encoded regulatory activity. Digital
footprinting approaches leverage local patterns of chro-
matin accessibility to infer transcription factor binding at nu-
cleotide resolution [ 15–18 ], providing direct insights into reg-
ulatory mechanisms controlling gene expression. Addition-
ally, ATAC-seq fragment length distributions report nucleo-
some occupancy, enabling inference of nucleosome position-
ing and higher-order chromatin organization [ 19 , 20 ]. Ex-
tending ATAC-seq to single cells has shifted the field from
population-averaged accessibility profiles to direct, cell-by-
cell interrogation of chromatin regulation, enabling analysis
of regulatory heterogeneity within complex tissues and tu-
mor microenvironments [ 21 ]. This capability is particularly
relevant in cancer, where malignant cells and surrounding
stromal and immune populations occupy distinct—and often
rapidly evolving—epigenomic states. By capturing accessibil-
ity and transcription factor footprinting signatures at single-
cell resolution, scATAC-seq reveals regulatory landscapes with
a granularity that is inaccessible in bulk assays [ 22 ]. Together
with multi-modal and integrative strategies, these develop-
ments have broadened the scope of precision oncology [ 23 ].
scATAC-seq has proven particularly powerful for identifying
rare cell states, discovering biomarkers, and guiding person-
alized therapeutic strategies [ 24 , 25 ]. More recently, spatial
ATAC-seq approaches have enabled chromatin accessibility
profiling in situ , uncovering spatially resolved regulatory pro-
grams in both healthy and diseased tissues [ 26 ]. 

Despite this breadth of information, applications of bulk
ATAC-seq remain largely confined to epigenomic analyses
such as accessible region annotation and regulatory element
mapping [ 27 ]. Yet bulk ATAC-seq datasets also contain sub-
stantial genome-derived information that has been compara-
tively underexploited. Several studies have demonstrated that
ATAC-seq can support the detection of single-nucleotide poly-
morphisms (SNPs) and short insertions or deletions (indels)
with reasonable accuracy [ 28 ], enabling allele-specific anal-
yses and chromatin accessibility quantitative trait mapping
[ 29 ]. In addition, the genome-wide coverage provided by
ATAC-seq—even if uneven—can be leveraged to infer large-
scale CNVs, particularly in cancer samples where CNVs are
pervasive [ 30 ]. While such genome-oriented applications have 
been explored in single-cell ATAC-seq, their robustness, scal- 
ability, and practical limits in bulk ATAC-seq remain insuffi- 
ciently characterized [ 12 , 30 , 31 ]. Similarly, because ATAC-seq 

captures mitochondrial DNA alongside nuclear DNA, it offers 
an opportunity to profile mitochondrial variation. Although 

single-cell ATAC-seq has been successfully used for this pur- 
pose [ 32 , 33 ] systematic validation of mitochondrial analyses 
from bulk ATAC-seq remains largely absent. 

One particularly overlooked application is the quantifica- 
tion of telomere-associated repeat content from bulk ATAC- 
seq. Telomeres—repetitive DNA tracts capping chromosome 
ends—are central to genome stability, replicative capacity, and 

cellular lifespan, and their dysfunction is a defining feature of 
cancer. Progressive telomere erosion imposes a proliferative 
barrier through replicative senescence, whereas many tumors 
circumvent this barrier by reactivating telomere maintenance 
programs, most commonly via telomerase (encoded by TERT ) 
reactivation [ 34 ]. Consequently, telomeric repeat abundance 
and composition are routinely assessed in cancer research us- 
ing whole-genome sequencing (WGS) or dedicated telomere 
assays, including qPCR-based approaches, telomere restric- 
tion fragment analysis, and fluorescence in situ hybridization- 
based methods. Because ATAC-seq inevitably captures frag- 
ments encompassing telomeric repeat motifs, these reads have 
been proposed as a potential surrogate for telomere length 

measurements. However, recent work has demonstrated that 
telomere-motif reads in ATAC-seq are intrinsically ambiguous 
[ 35 ]: they can originate not only from telomeres, but also from 

subtelomeric domains, interstitial telomeric sequences, and 

telomere-adjacent repeat tracts enriched in telomeric variant 
repeats. As a result, telomere-associated signal in ATAC-seq 

may reflect broader chromatin-state or cell-cycle-dependent 
accessibility features rather than telomere length itself. To 

date, no systematic effort has quantified how telomeric re- 
peat content inferred from bulk ATAC-seq relates to estab- 
lished WGS-based measurements after accounting for these 
confounding sources. 

More generally, the extraction of genome-level information 

from bulk ATAC-seq is hindered by the lack of reference- 
grade benchmarks defining what can—and cannot—be reli- 
ably recovered under realistic sequencing depth and signal-to- 
noise regimes. Unlike WGS, ATAC-seq samples the genome 
unevenly, concentrating reads in accessible regions while leav- 
ing other loci sparsely covered. Consequently, while small- 
variant and CNV pipelines have been repurposed for ATAC- 
seq, their performance depends strongly on sequencing depth,
local accessibility, and computational choices, and reported 

accuracies remain difficult to compare across studies. In par- 
ticular, standardized evaluation frameworks are still missing 
for mitochondrial variation and telomere-associated repeat 
signal in bulk ATAC-seq, underscoring the need for system- 
atic comparisons against matched gold-standard assays to de- 
fine the practical operating range of bulk ATAC-seq as a dual- 
purpose genomic-epigenomic readout. 

In this study, we leverage paired WGS and bulk ATAC-seq 

datasets to systematically benchmark the recovery of small 
variants, copy number alterations, telomere-associated repeat 
content, and mitochondrial variation from ATAC-seq. Our 
results demonstrate that bulk ATAC-seq is not only a pow- 
erful tool for epigenomic profiling but also a versatile plat- 
form for genomic characterization of tumor samples. By defin- 
ing the strengths, limitations, and practical operating range 
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f genome-derived signals in bulk ATAC-seq, we show that
TAC-seq can support robust epigenomic profiling while re-

aining informative readouts of genome variation and struc-
ure. Together, these findings position bulk ATAC-seq as a gen-
inely integrative assay that bridges genomic and epigenomic
haracterization, with direct relevance for cancer research and
recision oncology. 

aterials and methods 

ata source and pre-processing 

atched raw bulk ATAC-seq, H3K27ac ChIP-seq, RNA-
eq, and WGS data from ten patient-derived melanoma
ell lines (A375, MM001, MM011, MM029, MM031,
M047, MM057, MM074, MM087, and MM099) were

btained from the European Genome-Phenome Archive
EGAS00001004136) and GEO (GSE134432, GSE142238,
nd GSE159965). All WGS libraries were paired-end 2 × 151
p (mean 1.20 ± 0.72 × 10 fragments; mean coverage 51

31 ×), whereas ATAC-seq libraries were paired-end with
eterogeneous read lengths (2 × 25 bp, 2 × 48 bp, or 2 ×
0 bp; mean 90.8 ± 88.1 × 106 reads; mean FRiP 41 ±
3%, Supplementary Table S1 ). For downstream benchmark-
ng analyses, we retained cell lines with WGS coverage > 30

and ATAC-seq datasets > 50 million fragments, resulting
n a final set of six lines (A375, MM001, MM011, MM031,

M047, and MM074, Supplementary Table S1 ). Follow-
ng an initial quality assessment, WGS data were randomly
ownsampled with seqtk v1.3 ( https://github.com/lh3/seqtk )
o achieve 30 × genome coverage. To minimize confounding
ffects of heterogeneous read lengths across datasets, ATAC-
eq reads were hard-trimmed to 2 × 25 bp using Picard Tools
3.0.0 ( http://broadinstitute.github.io/picard ) prior to itera-
ive downsampling with seqtk v1.3 to generate datasets with
0M, 20M, 30M, 40M, and 50M ATAC-seq fragments. 
To extend the benchmarking beyond melanoma cell lines

nd evaluate performance in a less favorable and clinically re-
listic context, we additionally analyzed matched tumor WGS
nd bulk ATAC-seq data from The Cancer Genome Atlas
lioblastoma (TCGA GBM) and low-grade glioma (TCGA
GG) cohorts ( Supplementary Table S1 ). This validation co-
ort comprised 22 primary tumors (13 LGG, 9 GBM), in-
luding IDH1R132H -mutant and IDH -wild-type cases. TCGA

GS tumor libraries were all paired-end 2 × 151 bp with
 mean of 2.01 ± 0.15 × 10 fragments and a mean cov-
rage of 79 ± 7 ×, while TCGA ATAC-seq tumor libraries
ere all paired-end 2 × 76 bp with a mean of 156 ± 44 ×
06 fragments and a mean fraction of reads in peaks (FRiP)
f 27 ± 12% ( Supplementary Table S1 ). WGS data were
andomly down-sampled to achieve 30 × genome coverage,
hile ATAC-seq data were iteratively down-sampled with se-
tk v1.3 to generate datasets with 10M, 20M, 30M, 40M, and
0M fragments. 

TAC-seq processing 

o extract genetic features from bulk ATAC-seq, ATAC-
eq data were processed with the standardized nf-core [ 36 ]
arek v3.4.0 [ 37 ] pipeline using the GATK.GRCh38 reference
enome. Briefly, input FASTQ files reads were preprocessed
ith fastp [ 38 ]. Reads were then aligned using the BWA-
EM [ 39 ], coordinate-sorted with samtools [ 40 ], and pro-

essed following GATK Best Practices [ 41 ]: PCR/optical du-
plicates were marked using GATK MarkDuplicates and base
quality score recalibration was applied using GATK BaseRe-
calibrator/ApplyBQSR prior to variant discovery. Small vari-
ants (SNPs and short indels) were called in single-sample mode
using DeepVariant [ 42 ], FreeBayes [ 43 ], GATK Haplotype-
Caller [ 44 ], and bcftools/mpileup [ 45 ] with the default config-
urations provided by nf-core/sarek. The resulting VCFs were
used for subsequent concordance analyses with 30 × WGS-
derived calls. 

For epigenomic analyses, ATAC-seq data were processed
using a standard epigenomic workflow consistent with EN-
CODE recommendations [ 46 ]. Paired-end ATAC-seq reads
were aligned with bowtie2 v2.5.1 [ 47 ] (–very-sensitive-local)
to the same GATK.GRCh38 reference genome. BAM files were
coordinate-sorted and indexed, and alignments overlapping
ENCODE blacklisted regions were removed using bedtools
v2.30.0 [ 48 ]. Open chromatin peaks were identified using
MACS3 v3.0.0 [ 49 ] with default parameters. Super-enhancers
were inferred using ROSE v1.3.2 [ 11 , 50 ] with a stitching dis-
tance of 12.5 kb (-s 12 500) and a 2.5 kb exclusion window
around transcription start sites (-t 2500). Transcription fac-
tor footprinting was performed using TOBIAS v0.16.1 [ 51 ]
together with the HOCOMOCO v11 [ 52 ] motif database. 

WGS processing 

WGS data were processed with the standardized nf-core [ 36 ]
sarek v3.4.0 [ 37 ] pipeline using the GATK.GRCh38 reference
genome. Briefly, input FASTQ files reads were preprocessed
with fastp [ 38 ]. Reads were then aligned using the BWA-
MEM, coordinate-sorted with samtools [ 40 ], and processed
following GATK Best Practices [ 41 ]: PCR/optical duplicates
were marked using GATK MarkDuplicates and base qual-
ity score recalibration was applied using GATK BaseRecali-
brator/ApplyBQSR prior to variant discovery. Small variants
(SNPs and short indels) were called in single-sample mode us-
ing DeepVariant [ 42 ], FreeBayes [ 43 ], GATK HaplotypeCaller
[ 44 ], and bcftools/mpileup [ 45 ] with the default configura-
tions provided by nf-core/sarek. The resulting VCFs were used
for subsequent concordance analyses with ATAC-seq-derived
calls. 

ChIP-seq processing 

H3K27ac ChIP-seq data from patient-derived melanoma cell-
lines were processed using a standard epigenomic work-
flow consistent with ENCODE recommendations [ 46 ] for
histone-mark ChIP-seq. Paired-end reads were aligned to the
GATK.GRCh38 reference genome using bowtie2 v2.5.1 [ 47 ]
with the –very-sensitive-local preset. Following alignment,
BAM files were coordinate-sorted and indexed, and reads
mapping to ENCODE blacklisted regions were removed us-
ing bedtools v2.30.0 [ 48 ]. Sharp H3K27ac enrichment regions
were identified using MACS3 v3.0.0 [ 49 ] peak calling with de-
fault parameters. Super-enhancers were subsequently inferred
from H3K27ac signal using ROSE v1.3.2 [ 11 , 50 ], applying
a stitching distance of 12.5 kb (-s 12 500) and a 2.5 kb ex-
clusion window around transcription start sites (-t 2500), as
previously described. 

RNA-seq processing 

RNA-seq data from patient-derived melanoma cell-lines were
processed using the standardized nf-core [ 36 ] rnaseq v3.11.0
pipeline with the GATK.GRCh38 reference. Briefly, reads were

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://github.com/lh3/seqtk
http://broadinstitute.github.io/picard
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
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preprocessed for adapter and quality trimming with TrimGa-
lore ( https://github.com/FelixKrueger/TrimGalore ), and tran-
script quantification was performed using Salmon [ 53 ] in
quasi-mapping mode against the corresponding GRCh38
transcriptome reference. For downstream analyses, we
used the gene-level count matrix derived from Salmon
quantification. 

Cancer-driving mutational signatures 

To summarize cancer-relevant driver alterations, we generated
Mutation Annotation Format (MAF) files from 30 × WGS-
derived small-variant callsets and performed cohort-specific
oncoplot analyses. For the six melanoma cell lines retained
for benchmarking, we used the Variant Effect Predictor (VEP)-
annotated and filtered bcftools/mpileup VCF outputs and con-
verted them to MAF format using vcf2maf v1.6.22, relying on
Ensembl-VEP v111.0 [ 54 ]. Conversion was performed on the
GRCh38 build. MAF files were then imported into R using
maftools v2.24.0 [ 55 ]. To prioritize biologically relevant vari-
ants, we applied a filtering strategy based on MAF annota-
tions, retaining variants supported by literature and database
evidence while excluding variants flagged as common. Fil-
tered MAF objects were merged across samples and further
restricted to COSMIC-tagged variants by selecting entries an-
notated with COSMIC [ 56 ] identifiers. Oncoplots were fi-
nally generated using a melanoma-focused driver gene panel
( TP53 , BRAF , CDKN2A , NRAS , KIT , PTEN ,and CTNNB1 ).
The same VCF to MAF conversion and filtering workflow
was applied to the TCGA LGG/GBM cohort, and oncoplots
were generated using a glioblastoma- and low-grade glioma-
relevant driver panel ( TP53, IDH1, IDH2, ATRX, PTEN,
EGFR, and NF1 ). 

WGS, ATAC-seq, H3K27ac and RNA-seq 

genome-wide signal concordance in 

patient-derived melanoma cell lines 

To quantify concordance of genome-wide signal patterns
across datasets in the patient-derived melanoma cell line co-
hort, we computed pairwise correlations between coverage
tracks (log10 (RPM)) generated with deepTools v3.5.2 [ 57 ]
bamCoverage, after binning the genome into fixed-width win-
dows. GRCh38 autosomes were tiled into consecutive 1 kb
bins. For each normalized signal track, signal was extracted
over all bins using genomation v1.40.1 [ 58 ] R package. Track-
to-track similarity was assessed using Pearson correlation
computed across all bins. Correlation matrices were visualized
as clustered heatmaps, using correlation distance for rows and
columns and Ward D2 hierarchical clustering. 

Integrative analysis based on partial least square in 

patient-derived melanoma cell lines 

A block partial least squares (PLS) analysis was performed
using the mixOmics v6.28.0 [ 59 ] R package to integrate and
explore relationships between multiple datasets capturing dis-
tinct molecular layers of the patient-derived melanoma cell
lines. Chromatin accessibility (ATAC-seq) was represented by
two blocks summarizing signals over super-enhancers and en-
hancers. Likewise, H3K27ac ChIP-seq profiles were encoded
as two blocks summarizing signal over super-enhancers and
enhancers. Transcription factor binding predictions were in-
cluded as a dedicated block using scaled log10 -transformed
counts of predicted binding events to provide a functional
proxy for regulatory activity. Gene expression was included 

as an additional block using normalized RNA-seq expres- 
sion values. To relate these regulatory layers to genomic al- 
terations, we also considered a block summarizing oncogenic 
driver events derived from 30 × WGS. In the unsupervised 

block PLS integration performed in regression mode, this 
WGS driver block was treated as an illustrative outcome. The 
block PLS model was used to estimate latent components cap- 
turing the covariance structure shared across blocks, enabling 
the identification of coordinated patterns linking chromatin 

accessibility, H3K27ac activity, transcriptional programs, and 

the oncogenic driver landscape. 

Small variants comparison 

To evaluate the consistency and overlap of small variants 
(SNPs and indels) detected by ATAC-seq and 30 × WGS,
VCF files generated from both assays were analyzed using 
the MutationalPatterns v3.14.0 [ 60 ] R package. Variant calls 
obtained from ATAC-seq were compared to 30 × WGS- 
derived calls, treated as the gold-standard reference set. Over- 
lapping variants were defined as calls matching genomic coor- 
dinates and alleles between datasets, and overlaps were visu- 
alized using proportional Venn diagrams drawn with gVenn 

( https://github.com/ckntav/gVenn ). For readability, propor- 
tional Venn diagrams were generated as sample-wise, pairwise 
comparisons between 30 × WGS and a given ATAC-seq se- 
quencing depth, displaying only the variants detected in WGS.
To quantify the accuracy of ATAC-seq variant calling relative 
to WGS, precision, recall, and F1 scores were computed sep- 
arately for SNPs and indels using benchmarking summaries 
produced with hap.py v0.3.15 ( https://github.com/illumina/ 
hap.py ). True positives (TP) were defined as ATAC-seq calls 
also detected in 30 × WGS, false positives (FP) as ATAC-seq 

calls not detected in 30 × WGS, and false negatives (FN) as 
30 × WGS calls not detected in ATAC-seq; precision, recall,
and F1 score were computed from TP, FP, and FN as follow: 

Precision = T P/ ( T P + F P ) 
Recall = T P/ ( T P + F N ) 

F 1 = 2 ∗ T P/ ( 2 ∗ T P + F P + F N ) 

CNV calling and comparison 

Copy-number profiling from bulk ATAC-seq and matched 

30 × WGS was performed in R v4.4.0 using QDNAseq 

v1.40.0 [ 61 ] with GRCh38 annotation at 100 kb resolution.
For each sample, CNV inference was applied to each down- 
sampled ATAC-seq BAMs corresponding to 10M–50M frag- 
ments and to the match 30 × WGS BAM. Read counts were 
computed with binReadCounts in paired-end mode. To en- 
sure identical binning across assays while preserving assay- 
specific signal distributions, we first constructed two sepa- 
rate multi-sample QDNAseq objects: one containing all 30 

× WGS samples and one containing all ATAC-seq samples 
The QDNAseq preprocessing pipeline consisted of (i) apply- 
Filters with both residual and blacklist filtering enabled, (ii) 
estimation of technical biases with estimateCorrection fol- 
lowed by GC/mappability correction using correctBins, (iii) 
library-size normalization with normalizeBins and (iv) outlier 
smoothing using smoothOutlierBins. Segmentation was per- 
formed on variance-stabilized signal using segmentBins with 

an Anscombe transform and local smoothing over five con- 
secutive bins, followed by segment-level normalization with 

https://github.com/FelixKrueger/TrimGalore
https://github.com/ckntav/gVenn
https://github.com/illumina/hap.py
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ormalizeSegmentedBins. Discrete CNV calls were produced
sing callBins with the cutoff method and symmetric log2 

hresholds (loss = −0.4, gain = + 0.4) to assign per-bin states.
NV calling was performed independently for 30 × WGS and
TAC-seq, and the processed objects were then merged into
 single combined object to enable direct bin-level compar-
sons across assays and ATAC-seq depths. To reduce techni-
al artefacts and sparse-bin effects in the multi-sample ob-
ect, bins with zero read counts in at least one ATAC-seq
ibrary were removed prior to CNV calling. After calling,
ins with extreme or missing copy-number estimates were
xcluded from downstream comparisons. For visualization
nd concordance analyses, per-bin log2 (CNV) values from
TAC-seq and 30 × WGS were extracted for each sample and
epth, merged by genomic bin, and displayed using hexago-
al binning density plots. To quantify agreement between as-
ays, Pearson correlation coefficients were computed between
0 × WGS- and ATAC-seq-derived per-bin log2 (CNV) values
or each matched sample and ATAC-seq depth. To evaluate
NV calling performance using 30 × WGS as ground truth,
DNAseq call states were compared directly between ATAC-

eq and 30 × WGS for matched samples at each depth. Calls
ere collapsed into three clinically interpretable categories:

oss ( < 2N), neutral (2N), and gain ( > 2N). For each CNV cat-
gory, 30 × WGS calls were used as the ground truth and
TAC-seq calls as the prediction, and classification was per-

ormed at the bin level: true positives (TP) were bins assigned
o the category in both 30 × WGS and ATAC-seq, false neg-
tives (FN) were bins assigned to the category in 30 × WGS
ut not in ATAC-seq, false positives (FP) were bins assigned
o the category in ATAC-seq but not in 30 × WGS, and true
egatives (TN) were bins not assigned to the category in either
ssay; from these counts, precision, recall and accuracy were
omputed for each sample and ATAC-seq depth as follow: 

Precision = T P/ ( T P + F P ) 
Recall = T P/ ( T P + F N ) 

Accuracy = ( T P + T N ) / ( T P + T N + F P + F N ) 

elomere content computation and comparison 

elomere-associated repeat content was quantified from
ulk ATAC-seq (10M–50M fragments) and matched
0 × WGS using TelomereHunter v1.1.0 [ 62 ], which
utputs per-cytoband repeat spectrum tables and li-
rary read counts. For each sample, TelomereHunter
pectra were parsed to extract counts for a panel of
anonical and variant telomeric motifs and their reverse-
omplement (TTAGGG/CCCTAA, TGAGGG/CCCTCA,
CAGGG/CCCTGA, TTGGGG/CCCCAA). To enable cross-
latform comparisons while accounting for library size
ifferences, we generated library-size-scaled spectrum. To
ocus the analysis on telomeres and exclude intrachromo-
omal pseudo- and interstitial telomeric repeats, GRCh38
ytoband annotations were used. For each telomeric band,
otif counts were summarized at the level of each motif.
ands with zero signal in either assay were excluded, and
omparisons were performed on log-transformed values to
tabilize variance. Concordance between assays was quan-
ified using Pearson correlation between 30 × WGS and
TAC-seq log-transformed motif abundance for each sample,
nd correlation coefficients and associated P -values were
ummarized as a function of sequencing depth and motif
class. For the TCGA LGG/GBM cohort, we investigated
whether telomere-associated repeat signal inferred from
ATAC-seq was associated with TERT expression. TERT ex-
pression values were extracted from TCGA GDC portal [ 63 ].
Canonical TTAGGG/CCCTAA motif counts were restricted
to telomeres and summarized per sample and ATAC-seq
depth. Associations with TERT expression were assessed us-
ing log-transformed telomere-associated signal and visualized
across ATAC-seq depths. Samples were additionally stratified
into TERT ON (expressed) versus TERT OFF (not expressed)
groups as defined in [ 64 ]. 

Mitogenome variant calling, VAF profiling, and 

coverage analysis 

Mitochondrial allele counts were obtained from bulk ATAC-
seq (10M–50M fragments) and matched 30 × WGS us-
ing mgatk v0.7.0 [ 33 ] in bulk mode. To derive a consis-
tent mtDNA variant catalogue across all datasets, variant
calling was performed jointly across libraries, treating each
downsampled ATAC-seq dataset and each 30 × WGS dataset
as an individual pseudo-sample within a single callset. For
the patient-derived melanoma cell lines, this joint callset
comprised 36 pseudo-samples in total: five downsampled
ATAC-seq libraries (10M–50M fragments) and one matched
30 × WGS dataset per cell line, across the six cell lines. For
the TCGA LGG/GBM cohort, the joint callset comprised 132
pseudo-samples: five downsampled ATAC-seq libraries and
one matched 30 × WGS dataset per tumor, across the 22 pri-
mary tumors. This joint calling strategy increases sensitivity
for low-frequency alleles and ensures that per-sample VAFs
are computed over the same set of candidate sites, enabling di-
rect cross-platform and cross-depth comparisons. Per-position
alternate allele frequencies were reconstructed for each pos-
sible substitution by combining strand-specific counts, re-
stricting the analysis to positions with an unambiguous
non-unassigned reference base. To identify high-confidence
mtDNA variants while accounting for coverage heterogeneity,
we computed variant-level quality metrics across samples, in-
cluding a strand concordance score defined as the Pearson cor-
relation between forward and reverse alternate counts across
non-zero observations and a variance-to-mean ratio (VMR) of
allele frequency. As suggested in [ 33 ], variants were retained if
they were confidently detected in at least one sample, showed
strand concordance ≥ 0.65, and had log10 (VMR) > −2. Vari-
ant allele frequency (VAF) was then computed per sample as
VAF = alt / (ref + alt + ε) from raw nucleotide counts, with
ε = 1 × 10−4 to avoid division by zero, and per-variant cov-
erage was defined as ref + alt. Sample-by-variant VAF ma-
trices were used to compare mtDNA variant profiles across
assays and ATAC-seq depths. VAF profiles were visualized as
heatmaps with Ward’s D2 clustering and correlation-based
distance after filtering out low-information entries by masking
sites with VAF < 1% and coverage < 1000 × and retaining
variants with VAF standard deviation ≥ 0.05 across samples.
Global similarity between mtDNA variant profiles was further
assessed by principal component analysis (PCA) on the VAF
matrix. To compare mitochondrial coverage patterns between
assays, per-base mtDNA coverage tracks were generated at 1
bp resolution with deepTools v3.5.2 [ 57 ] and imported into
R. Coverage values were log10 -transformed and summarized
into fixed-width bins along the mitogenome (20 bp). For the
patient-derived melanoma cell lines cohort including a limited
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source of discordance with WGS. 
sample number, coverage profiles were visualized on a per-
sample basis to display individual 30 × WGS and ATAC-
seq depth-dependent patterns. In contrast, for the TCGA
LGG/GBM cohort, coverage profiles were summarized to
provide a cohort-level view: for each ATAC-seq depth, a
meta-coverage profile was computed across tumors by tak-
ing the median coverage per bin, together with an interquar-
tile range (25th–75th percentile) ribbon to capture between-
sample variability. 30 × WGS meta-coverage was computed
analogously. These profiles were displayed in polar coordi-
nates to represent coverage along the circular mitogenome.
An external gene annotation ring was drawn using Ensembl
v111.0 [ 54 ] mitochondrial gene coordinates. 

Results 

ATAC-seq links oncogenic alterations to coherent 
regulatory programs in patient-derived melanoma 

cell lines 

We leveraged multi-omics datasets from 10 patient-derived
melanoma cell lines, including matched bulk ATAC-seq,
H3K27ac ChIP-seq, RNA-seq, and WGS, to evaluate the ex-
tent to which bulk ATAC-seq can support both epigenomic
profiling and genome-oriented analyses (Fig. 1 A). This cohort
provides a controlled experimental setting in which chromatin
accessibility, transcriptional output, and genomic alterations
can be directly compared within the same biological sam-
ples. We focused on short-variant detection, CNV inference,
telomere length estimation, and profiling of the mitogenome,
while quantifying the impact of sequencing depth through sys-
tematic downsampling. For benchmarking, we retained six
cell lines with WGS > 30 × and ATAC-seq > 50M frag-
ments (A375, MM001, MM011, MM031, MM047, MM074;
Fig. 1 B). Within this subset, WGS coverage ranged from 33
× to 54 × (78–130M fragments), whereas ATAC-seq yielded
66M–310M fragments and displayed a broad range of signal-
to-noise ratios, with fraction of reads in peaks (FRiP) values
spanning 19.6%–59.5% (Fig. 1 B and Supplementary Table
S1 ). To control for heterogeneous read lengths across li-
braries, all ATAC-seq datasets were hard-trimmed to 2 × 25
bp prior to iterative downsampling, from 10M to 50M
fragments. 

At the epigenomic level, ATAC-seq accessibility profiles
closely mirrored H3K27ac enrichment at H3K27ac-defined
regulatory elements and the resulting similarity structure
grouped profiles by cell line instead of separating them by
modality, showing strong concordance between the two as-
says at active regulatory regions ( Supplementary Fig. S1 ). At
a broader scale, genome-wide pairwise Pearson correlations
computed on 1 kb genomic bins organized datasets mainly
by assay and yielded a clustered structure in which ATAC-
seq and H3K27ac formed neighboring blocks with higher
inter-assay similarity than either showed with RNA-seq or
30 × WGS (Fig. 1 C). Together, these analyses show that bulk
ATAC-seq retains a stable epigenomic signal—at regulatory
elements and genome-wide—even under stringent read-length
harmonization. 

WGS-derived oncogenic driver profiles stratified the
patient-derived melanoma cell lines into BRAF/NRAS-
mutated versus BRAF/NRAS-wild-type groups (Fig. 1 D). To
assess whether these genomic alterations are reflected in co-
ordinated regulatory programs, we performed an unsuper-
vised block partial least-squares (PLS) integration in regres- 
sion mode, integrating gene expression (RNA-seq), chromatin 

accessibility at enhancers and super-enhancers, H3K27ac sig- 
nals at enhancers and super-enhancers, and transcription fac- 
tor activity inferred from ATAC-seq digital footprinting, and 

treating the WGS driver block as an illustrative outcome 
(Fig. 1 E). This integrative analysis recapitulated the separa- 
tion between BRAF/NRAS-mutated versus wild-type patient- 
derived melanoma cell lines, linking oncogenic alterations 
to coherent changes across chromatin accessibility, histone 
acetylation, transcription factor activity, and transcriptional 
output. 

These results show that chromatin accessibility captured by 
bulk ATAC-seq is not only concordant with transcriptional 
and H3K27ac landscapes, but is structured in a manner that 
reflects underlying oncogenic alterations, linking regulatory 
state to genetic context in patient-derived melanoma cell lines.
This provides a solid foundation for the subsequent analyses,
in which we examine how far genome-derived information 

can be extracted from the same ATAC-seq libraries. 

ATAC-seq deli ver s high-confidence SNPs within 

accessible chromatin in patient-derived melanoma 

cell lines 

We next evaluated bulk ATAC-seq as a substrate for small- 
variant detection using matched 30 × WGS as the refer- 
ence. As expected for an accessibility-biased assay, compar- 
isons showed that variant overlap between ATAC-seq and 

WGS outside ATAC-seq peaks was negligible ( Supplementary 
Table S2 , average recall < 6% for SNPs detected with 

bcftool/mpileup), reflecting the scarcity of allelic sampling in 

closed chromatin. These results motivated our analysis, which 

focuses explicitly on small variants located within ATAC-seq 

peaks, i.e. genomic regions where ATAC-seq provides suffi- 
cient and reproducible coverage for genotyping. Within this 
accessible space, we benchmarked ATAC-seq callsets obtained 

at increasing sequencing depth (10M–50M fragments) against 
matched 30 × WGS across the six melanoma cell lines (Fig. 2 A 

and B, and Supplementary Table S2 ). 
As illustrated by positional overlap (Fig. 2 A), WGS consis- 

tently identified a larger number of variants overall, whereas 
ATAC-seq recovered a depth-dependent subset enriched in 

accessible chromatin. SNP recovery improved monotonically 
with sequencing depth, with the median fraction of WGS 
SNPs recovered within peaks increasing from ∼40% at 10M 

fragments to ∼45% at 30M and reaching ∼50% at 50M 

fragments (Fig. 2 B and Supplementary Table S2 ). Beyond 

∼30–40M fragments, gains in overlap were modest, indicat- 
ing a clear diminishing-returns regime. Importantly, at the 
genotype level, ATAC-seq-derived SNPs were characterized 

by consistently high precision across all depths, with me- 
dian precision values exceeding 0.75 at 10M fragments and 

slightly increasing up to ∼0.80–0.85 at higher sequencing 
depth (Fig. 2 B). In contrast, recall remained the limiting factor,
with median recall values below 0.40 at all depths (typically 
∼0.25–0.30 at 10M and ∼0.35–0.40 at 50M). As a result, F1 

scores increased with depth (from ∼0.40 at 10M to ∼0.55 

at 50M) but remained bounded by recall rather than preci- 
sion (Fig. 2 B). This pattern reflects a regime in which ATAC- 
seq preferentially recovers a high-confidence subset of vari- 
ants, while incomplete allelic sampling remains the dominant 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
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Figure 1. ATAC-seq links oncogenic alterations to coherent regulatory programs in patient-derived melanoma cell lines. ( A ) Study design. Matched bulk 
WGS, bulk RNA-seq, bulk H3K27ac ChIP-seq, and bulk ATAC-seq were analyzed across 10 patient-derived melanoma cell lines to benchmark ATAC-seq 
for extracting both genomic and epigenomic features. ( B ) Sequencing metrics for each patient-derived melanoma cell line, including WGS coverage, 
ATAC-seq fragment yield, and ATAC-seq fraction of reads in peaks (FRiP). For benchmarking, only cell lines with WGS coverage ≥ 30 × and ATAC-seq 
depth ≥ 50 million fragments (A375, MM001, MM011, MM031, MM047, and MM074) were retained. To mitigate confounding effects of heterogeneous 
ATAC-seq read lengths across datasets, ATAC-seq fragments were hard-trimmed to 2 × 25 bp. ( C ) Genome-wide pairwise Pearson correlation of signal 
intensity across assays (RNA-seq, ATAC-seq, H3K27ac ChIP-seq, and 30 × WGS), computed on 1 kb genomic bins and displayed as a clustered 
heatmap. Rows and columns were hierarchically clustered using correlation distance and Ward’s D2 linkage. ( D ) Oncoplot summarizing recurrent 
melanoma driver alterations (e.g. BRAF , TP53 , and NRAS ). across the six benchmarked patient-derived melanoma cell lines. Alterations are annotated by 
functional class (missense, amplification, frameshift, and multi-hit). ( E ) Block partial least squares (block-PLS) integrative analysis combining mutation 
data, transcription factor footprinting, chromatin accessibility (in enhancers and super-enhancers), histone modifications (H3K27ac signal at enhancers 
and super-enhancers), and RNA expression profiles. The block PLS integration was performed in regression mode, with genetic driver alterations data 
treated as an illustrative outcome. 
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Figure 2. ATAC-seq delivers high-confidence SNPs within accessible chromatin in patient-derived melanoma cell lines. ( A ) Proportional Venn diagrams 
illustrating the overlap of SNPs and short indels detected with bcftools/mpileup from ATAC-seq within peaks compared with matched 30 × WGS for 
each patient-derived melanoma cell lines. Concentric circles represent ATAC-seq callsets obtained at increasing sequencing depths (10M–50M 

fragments), while the outer grey circle represents the 30 × WGS reference callset. Variants detected exclusively by ATAC-seq across all depths were 
omitted to improve readability. The number displayed inside the gray circle corresponds to the total number of 30 × WGS variants falling within the 
ATAC-seq accessible space, defined here as the peak set obtained with 50M ATAC-seq fragments. ( B ) Boxplots illustrating the distribution of 
performance metrics for bcftools/mpileup small-variant calls from ATAC-seq across patient-derived melanoma cell lines at each ATAC-seq sequencing 
depth (10M–50M fragments). Metrics include percentage overlap with the matched 30 × WGS callset, precision, recall and F1 score, computed using 
ATAC-seq calls as the query and 30 × WGS as the truth set, and restricted to variants within ATAC-seq peaks. 
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read counts. 
Indel detection further highlighted the impact of local se-
uence context and read length on variant recovery. In this
rst benchmark dataset, where ATAC-seq reads were harmo-
ized to 2 × 25 bp to control for library heterogeneity, indel
verlap between ATAC-seq and WGS remained very limited
cross all depths ( < 10%), with median recall values below
.05 even at 50M fragments (Fig. 2 B and Supplementary Table
2 ). Precision was moderate (typically ∼0.4–0.6, depending
n depth), but F1 scores remained uniformly low ( < 0.1), re-
ecting a severe sensitivity bottleneck. This behavior is consis-
ent with insufficient local sequence context for accurate align-
ent and breakpoint resolution under short-read conditions

nd therefore might reflects a read-length limitation rather
han a fundamental constraint of accessibility-based sampling.

e explicitly examine the impact of longer read length in sub-
equent analyses of the LGG/GBM cohort. 

To assess the robustness of these observations to variant-
aller choice, we compared bcftools/mpileup, FreeBayes,
eepVariant, and GATK HaplotypeCaller ( Supplementary
ig. S2 A and B, and Supplementary Table S2 ). For SNPs,
cftools/mpileup consistently achieved the highest recovery,
ith median overlap increasing from ∼40% at 10M to ∼50%
t 50M fragments and recall rising from ∼0.25 to ∼0.35. Free-
ayes showed intermediate performance (median overlap in-
reasing from 30% to 42%; median recall from 0.22 to 0.34),
hereas DeepVariant and HaplotypeCaller recovered fewer

NPs overall (median overlap typically ≤35% at 50M, and
edian recall typically < 0.32). Precision differences across

allers were comparatively modest, generally ranging from
0.80 to ∼0.93, resulting in the highest SNP F1 scores for
cftools/mpileup at higher depth ( Supplementary Fig. S2 B).
n contrast, indel performance remained uniformly limited
cross callers, with recall typically in the 0.01–0.04 range
t 50M fragments and F1 scores below 0.1 irrespective of
he method used. Overall, bcftools/mpileup provided the best
rade-off for ATAC-seq-derived calls in this context, maxi-
izing SNP recovery (highest overlap, highest recall and F1

t high depth) while maintaining significant precision. In-
el detection remained comparatively limited across callers
 Supplementary Fig. S2 B). 

Mechanistically, variant recoverability closely tracked lo-
al ATAC-seq sampling. SNPs shared between ATAC-seq and
0 × WGS were supported by substantially higher ATAC-
eq coverage, with median fragment counts increasing from
7 fragments at 10M to ∼18 fragments at 50M, whereas
GS-only SNPs typically remained supported by fewer than

ve ATAC-seq fragments even at higher depth ( Supplementary
ig. S2 C). Shared SNPs were also preferentially located near
TAC-seq peak summits (median distance ∼100 bp), whereas
GS-only SNPs were located in genomic regions further away

rom the corresponding peak centers (median distance ∼500
p), consistent with reduced allelic sampling away from re-
ions of maximal accessibility. Indels followed similar trends
ut with stronger attrition in recall, reinforcing that in bulk
TAC-seq, depth helps, yet effective local sampling within
eaks—especially near summits—remains a key determinant
f variant recovery. 
Together, these results demonstrate that bulk ATAC-seq

upports high-confidence SNP genotyping within accessible
hromatin, operating in a regime of high precision and depth-
ependent but intrinsically limited recall. Rather than approx-
mating genome-wide variant discovery, ATAC-seq provides a
igh-confidence genotyping readout precisely anchored in reg-
ulatory DNA, enabling direct interrogation of sequence vari-
ation within functionally active chromatin. 

ATAC-seq recapitulates WGS copy-number 
alterations in patient-derived melanoma cell lines 

We then asked whether bulk ATAC-seq could recover
large-scale copy-number variation by leveraging background
coverage—i.e . genome-wide signal outside relaxed ATAC-
seq peaks—to minimize fluctuations driven by accessibility
in regulatory elements. Using QDNAseq at a 100 kb reso-
lution, ATAC-seq-derived log2 copy-number profiles closely
tracked matched 30 × WGS across all six patient-derived
melanoma lines and across downsampling levels (10M–50M
fragments, Fig. 3 A). In per-bin comparisons, distinct copy-
number regimes were already apparent at modest depth,
with clearly delineated clouds corresponding to diploid bins
(2N), losses/LoH states ( ≤1N), and amplifications ( ≥3N),
and agreement tightening progressively as depth increased
(Fig. 3 A). Consistent with this depth-dependent sharpening,
genome-wide concordance improved modestly and stabilized
early (Fig. 3 B), with median correlations of ∼0.66 at 10M
fragments, ∼0.69 at 20M, and ∼0.70 from 30M to 50M., in-
dicating that most CNV structure can be recovered without
requiring the deepest ATAC-seq libraries (Fig. 3 B). 

To move beyond correlation, we classified bins into loss
( ≤1N), diploid (2N), or gain ( ≥3N) and compared ATAC-seq
states to 30 × WGS as a reference (Fig. 3 C). Across depths,
accuracy remained high for all classes ( > 0.9 for diploid;
> 0.95 for gains and losses), and CNV calling behaved con-
servatively: specificity for both gains and losses stayed near
ceiling ( > 0.95), indicating that ATAC-seq rarely introduces
spurious non-diploid states relative to 30 × WGS. Depth
barely improved sensitivity, and revealed a clear class
dependence—diploid bins being most consistently recovered,
losses generally robust, and gains showing lower sensitivity
and wider dispersion, consistent with greater dependence on
segmentation thresholds and coverage uniformity (Fig. 3 C).
Consistently, genome-wide CNV profiles were highly stable
within each patient-derived melanoma cell line across down-
sampling. Hierarchical clustering of genome-wide CNV pro-
files grouped samples primarily by cell line, with ATAC-seq
profiles remaining close to their matched 30 × WGS counter-
parts even at reduced depth (Fig. 3 D), and genome-wide seg-
mentation indicated that major arm-level patterns as well as
representative focal events were retained across depths (such
as the cKIT amplification in MM011, Supplementary Fig. S3 ).
These results establish bulk ATAC-seq as a reliable and depth-
efficient readout of large-scale copy-number architecture, cap-
turing genome structure with high specificity. 

ATAC-seq reads out canonical telomeric repeats 

abundance in patient-derived melanoma cell lines 

We next examined whether bulk ATAC-seq retains measur-
able signal over telomere-associated repeats in the patient-
derived melanoma cell lines. Telomeric repeat abundance was
quantified using TelomereHunter across all autosomal chro-
mosome ends and compared between ATAC-seq libraries
downsampled from 10M to 50M fragments and matched
30 × WGS (Fig. 4 A and B). To reduce confounding contri-
butions from intrachromosomal and interstitial telomeric re-
peats, downstream analyses were restricted to intratelomeric

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
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Figure 3. ATAC-seq recapitulates WGS copy-number alterations in patient-derived melanoma cell lines. ( A ) Hexbin scatterplots comparing 
log2 -transformed copy-number estimates in 100 kb genomic bins derived from 30 × WGS and from ATAC-seq at different sequencing depths (10M–50M 

fragments) for each patient-derived melanoma cell lines. ( B ) Boxplot illustrating the distribution of Spearman correlation coefficients between ATAC-seq 
and 30 × WGS copy-number estimates in 100 kb genomic bins across patient-derived melanoma cell lines as a function of ATAC-seq depth. ( C ) Boxplots 
illustrating the classification performance of ATAC-seq copy-number calls relative to matched 30 × WGS across patient-derived melanoma cell lines 
summarized by accuracy, sensitivity, and specificity and stratified by class (loss, diploid, gain). ( D ) Genome-wide CNV profiles inferred from 30 × WGS 
and ATAC-seq at different sequencing depths (10M–50M fragments) for each patient-derived melanoma cell line. Samples were clustered using Pearson 
correlation and Ward’s D2 linkage. Copy-number gains are highlighted in orange, losses in blue, and diploid segments in white. 
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Figure 4. ATAC-seq reads out canonical telomeric repeats abundance in patient-derived melanoma cell lines. ( A ) Scatterplots of log10 -transformed 
telomeric repeat content estimated from 30 × WGS and ATAC-seq at different sequencing depths (10M–50M fragments) for each patient-derived 
melanoma cell line. Each dot represents the log10 -transformed telomeric repeat content quantified at one of the 2 × 22 autosomal telomere for the 
canonical TTAGGG telomeric motif. The black line indicates the least-squares regression fit. Pearson correlation test P -values are indicated in each panel. 
( B ) Boxplot illustrating the distribution of Pearson correlation coefficients between ATAC-seq and 30 × WGS telomeric repeat content across 
patient-derived melanoma cell lines, shown as a function of ATAC-seq sequencing depth. The analysis is stratified by telomeric repeat sequence 
(TTAGGG: canonical telomeric repeat sequence). 
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TTAGGG was the only telomeric motif to display a ro-
ust and interpretable depth-dependent behavior in this co-
ort (Fig. 4 A and B). At the individual cell-line level, con-
ordance with 30 × WGS varied across samples but con-
istently improved with sequencing depth. In A375, correla-
ions were nonsignificant at 10–20M fragments and became
ignificant at ≥30M ( P = 0.0164), whereas MM047 already
howed significant concordance at 10M ( P = 0.0443), which
urther strengthened with depth ( P = 0.0016 at 40M, Fig. 4 A).

hen aggregated across cell lines, TTAGGG correlations in-
reased from a median of 0.25 at 10M to 0.38 at ≥30M and
hen plateaued (Fig. 4 B), indicating that additional sequenc-
ng primarily refines the precision of repeat-abundance esti-
ates rather than revealing qualitatively new signal. In con-

rast, telomeric variant repeats (TGAGGG, TCAGGG, and
TGGGG) showed a negative concordance and a weaker,
onmonotonic response to sequencing depth (Fig. 4 B). The
pecificity of the depth effect to TTAGGG argues against a
niform technical gain and instead mirrors telomere sequence
rganization: long distal telomeric tracts are dominated by
TAGGG, whereas variant repeats are preferentially enriched
ear the proximal telomere–subtelomere junction and are
herefore less uniformly represented across chromosome ends
 65 ]. Under this architecture, increasing ATAC-seq depth is ex-
ected to stabilize quantification of the most abundant motif
efore it meaningfully improves estimates of rarer, context-
ependent variants—an imbalance that is likely accentuated
in this cohort by the standardized 2 × 25 bp read-length har-
monization. 

Importantly, recent work has clarified that telomere-like
reads in ATAC-seq cannot be interpreted as a direct proxy for
telomere length, as a substantial fraction originates from sub-
telomeric regions and may reflect chromatin condensation or
accessibility states rather than physical telomeric tracts [ 35 ,
65 ]. In line with this, we deliberately constrained our analy-
sis to telomere-associated repeat abundance rather than length
per se. To further reduce confounding from intrachromosomal
pseudo- and interstitial telomeric repeats, TelomereHunter
outputs were restricted to intratelomeric read counts, thereby
focusing on the subset of repeat signal most consistently
associated with chromosome ends. Within this framework,
ATAC-seq captures a reproducible telomere-associated repeat
signal—most robustly for the canonical TTAGGG motif—
whose behavior is internally coherent across depth and sam-
ples. We extended this analysis to the TCGA LGG/GBM co-
hort, where larger cohort size enabled testing the associa-
tion between ATAC-seq-derived telomere-associated repeats
and TERT expression. 

ATAC-seq enables high-coverage mitochondrial 
profiling in patient-derived melanoma cell lines 

Next, we asked whether bulk ATAC-seq can be lever-
aged for mitochondrial genome profiling and whether the
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depth-efficient sampling of mtDNA translates into robust,
quantitative mitochondrial allele-fraction fingerprints. Be-
cause mitochondrial genomes are present in a high copy
number and are not packaged into canonical nucleosomes,
they constitute an exceptionally efficient substrate for Tn5
transposition. Consistently, mitochondrial coverage in ATAC-
seq was exceptionally high and increased with sequencing
depth (Fig. 5 A) and reached ∼10 000 × mitogenome cover-
age already at 10M fragments for most of the patient-derived
melanoma cell lines, revealing mitochondrial DNA as one of
the most efficiently sampled genomic compartments in bulk
ATAC-seq libraries. 

To enable direct cross-platform and cross-depth compar-
isons, we used mgatk in bulk mode and performed joint call-
ing across all libraries, treating each downsampled ATAC-
seq dataset (10M–50M) and the matched 30 × WGS as an
independent pseudo-sample within a single callset. This de-
sign ensures that variant allele fractions (VAFs) are computed
over the same catalogue of candidate sites. After stringent fil-
tering aimed at removing artifact-prone positions—based on
strand concordance (forward vs reverse counts), variance-to-
mean ratio (VMR), and coverage constraints—we retained
284 high-confidence mtDNA SNPs for downstream analyses.
The resulting VAF heatmaps revealed highly structured, cell
line-specific mtDNA allele-fraction fingerprints that were pre-
served across ATAC-seq downsampling and closely matched
the corresponding 30 × WGS profiles (Fig. 5 B). Within each
cell line, ATAC-seq profiles remained coherent from 10M to
50M fragments and aligned with 30 × WGS, producing sta-
ble blocks of variants near fixation (VAF ≈ 1) together with a
smaller subset of reproducibly sub-fixed sites. Importantly, be-
cause these are bulk profiles, VAF < 1 should be interpreted as
population-level allele mixtures, integrating intracellular het-
eroplasmy and/or mixtures of subclones, rather than as per-
cell heteroplasmy. Across cell lines, residual ATAC–WGS dis-
crepancies were confined to a small subset of sites and were
preferentially observed at loci with lower mitochondrial cov-
erage in the shallowest ATAC-seq libraries (i.e. 10M frag-
ments; Fig. 5 C). This pattern supports local under-sampling
as the dominant source of disagreement, rather than sys-
tematic platform-specific shifts in VAF estimates (Fig. 5 C).
Global similarity across samples was confirmed by PCA on
variable-site VAF profiles: ATAC-seq points clustered close to
their matched 30 × WGS sample even at 10M fragments,
while separating cell lines along the major axes of variation
(PC1 = 24.3%, PC2 = 18.2%; 42.5% total variance, Fig. 5 C).

Together, these analyses show that, in patient-derived
melanoma cell lines, bulk ATAC-seq provides not only deep
mtDNA coverage but also stable, depth-robust mitochon-
drial allele-fraction profiles that closely track WGS, estab-
lishing mtDNA profiling as one of the most reproducible
genome-derived readouts obtainable from standard ATAC-seq
libraries. 

ATAC-seq deli ver s reliable small-variant calls 

within accessible regions and supports cohort 
genetic stratification in primary tumors 

To evaluate the performance of bulk ATAC-seq for small-
variant detection in a clinically relevant context, we extended
our benchmark to 22 primary TCGA brain tumors [ 66 , 67 ]
annotated as low-grade gliomas (LGG, n = 13) or glioblas-
tomas (GBM, n = 9), each profiled by bulk ATAC-seq and
matched WGS (Fig. 6 A and Supplementary Table S1 ).This co-
hort spans a broad clinical range (age 22–70, median 44; 12 

males and 10 females) and includes samples collected from 

multiple anatomical sites ( Supplementary Table S2 ). Com- 
pared with the selected patient-derived melanoma cell line 
panel, this cohort represents a substantially more challenging 
setting, combining variable tumor purity, biological hetero- 
geneity, and wide variation in ATAC-seq signal quality (FRiP 

8.0%–55.1%, mean 27.1 ± 12.2%; Supplementary Table S1 ).
Of note, ATAC-seq libraries in this cohort were generated with 

longer read lengths (2 × 76 bp), allowing us to assess how se- 
quencing design modulates variant recovery. 

Across this cohort, driver alterations followed expected 

LGG/GBM patterns (Fig. 6 B). Most LGG samples carried 

IDH1R132H mutation, frequently co-occurring with TP53 

and ATRX alteration (astrocytomas), and a subset dis- 
played 1p/19q loss together with CIC mutations (oligoden- 
drogliomas, Fig. 6 B). In contrast, GBM samples were enriched 

for alterations classically associated with aggressive IDH - 
wild-type disease, including EGFR and NF1 point mutations 
(Fig. 6 B). Notably, two samples showed IDH/diagnosis discor- 
dance relative to WHO 2021 [ 68 ] expectations ( IDH1R132H 

GBM; IDH1 -wild-type LGG; Supplementary Table S2 ), most 
plausibly reflecting legacy TCGA annotations and modern 

molecular reclassification [ 68 ]. 
Despite more variable signal-to-noise ratios compared with 

the selected patient-derived melanoma cell line panel, bulk 

ATAC-seq recovered a substantial fraction of 30 × WGS- 
derived small variants within accessible chromatin in the 
TCGA LGG/GBM cohort, with performance improving 
steadily as sequencing depth increased (Fig. 6 C). For SNPs,
median overlap between ATAC-seq and 30 × WGS calls in- 
creased from ∼75% at 10M fragments to > 80% at 50M frag- 
ments. Across depths, precision remained consistently high 

(typically 0.85–0.92), while recall showed a clear depth de- 
pendence, rising from ∼0.58 at 10M to ∼0.72 at 50M frag- 
ments (Fig. 6 C). Indel detection, while consistently more chal- 
lenging than SNP recovery, showed improved performance in 

the TCGA LGG/GBM cohort relative to the patient-derived 

melanoma cell line benchmark. Median indel overlap in- 
creased from ∼55% at 10M fragments to ∼70% at 50M 

fragments, with recall rising from ∼0.36 to ∼0.46 and preci- 
sion generally remaining above 0.60 across depths (Fig. 6 C).
This contrasts with the strong recall attrition observed in the 
patient-derived melanoma cell line analysis after harmoniz- 
ing reads to 2 × 25 bp and is consistent with the longer 
2 × 76 bp ATAC-seq reads in this cohort providing im- 
proved local alignment context and breakpoint resolution 

( Supplementary Fig. S4 ). 
Beyond feature-level overlap, we next asked whether 

ATAC-seq-derived genotypes are sufficiently stable to pre- 
serve sample identity and cohort structure. Using a set of 
1220 SNPs with low missingness ( < 10%) across callsets, we 
computed identity-by-state (IBS) distances and reconstructed 

a genotype-based phylogeny across 30 × WGS and ATAC- 
seq datasets at increasing depths (Fig. 6 D). Strikingly, for 
each tumor, ATAC-seq callsets from all downsampling lev- 
els clustered tightly with the corresponding 30 × WGS geno- 
type, demonstrating high within-sample consistency even at 
the lowest sequencing depth. Because TCGA does not pro- 
vide ATAC-seq data from matched adjacent normal tissue for 
these tumors, the SNP panel used here is expected to cap- 
ture a mixture of germline SNPs and tumor-derived somatic 
alterations. Consequently, the higher-level between-sample 
structure in the IBS tree should primarily be interpreted as 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data


Portraying genomes and epigenomes with bulk ATAC-seq 13

lo
g1

0(
co

ve
ra

ge
)

3.0
3.5
4.0
4.5
5.0

3.0
3.5
4.0
4.5
5.0

lo
g1

0(
co

ve
ra

ge
)

lo
g1

0(
co

ve
ra

ge
)

WGS 30X

ATAC-seq 10M

ATAC-seq 20M

ATAC-seq 30M

ATAC-seq 40M

ATAC-seq 50M

A375 MM001 MM011

MM031 MM047 MM099

A.

B.

C.

MM011A375 MM074MM031 MM047MM001

1 10 100 1000

Minimum coverage
(ATAC-seq 10M)

1 10 100 1000

Minimum coverage
(WGS)

WGS 30X

ATAC-seq 10M

ATAC-seq 20M

ATAC-seq 30M

ATAC-seq 40M

ATAC-seq 50M

Samples

Per sample VAF

0.0

0.5

1.0

Maximal VAF
across sample

0.0

0.5

1.0

−0.2

−0.1

0.0

0.1

0.2

−0.2 −0.1 0.0 0.1

PC1 (24.3%)

P
C

2 
(1

8.
2%

)

MM001

MM047

MM031

MM011

MM074

A375

WGS 30X

ATAC-seq 10M

ATAC-seq 20M

ATAC-seq 30M

ATAC-seq 40M

ATAC-seq 50M

Figure 5. ATAC-seq enables high-coverage mitochondrial profiling in patient-derived melanoma cell lines. ( A ) Polar representation of log10 -transformed 
mitogenome coverage for each patient-derived melanoma cell line comparing 30 × WGS with ATAC-seq at increasing sequencing depths (10M–50M 

fragments). ( B ) Heatmap of mitochondrial SNP variant allele frequencies (VAFs) for variable sites with standard deviation of VAF > 0.1 across samples. 
Rows correspond to SNPs and columns to samples across platforms (30 × WGS and ATAC-seq) and ATAC-seq depths. Hierarchical clustering uses 
Pearson correlation and Ward’s D2 linkage. Fixed variants (VAF = 1) are shown in orange, whereas subclonal or heteroplasmic variants (VAF < 1) are 
shown in blue shades. The left-side annotation bar reports the maximal VAF observed for each SNP across all samples. Two annotation histograms on 
the right display, for each SNP, the minimum coverage observed across patient-derived melanoma cell lines with 10M ATAC-seq fragments and with 
30 × WGS, respectively, allowing assessment of coverage-dependent SNP detection. ( C ) PCA of mitochondrial SNP VAF profiles at variable sites with 
standard deviation of VAF > 0.1. For each patient-derived melanoma cell line, one dot corresponds to the 30 × WGS dataset (gray), while additional 
points correspond to ATAC-seq datasets downsampled to increasing sequencing depths (10M–50M fragments, yellow-to-dark-blue gradient). The first 
two principal components explain 24.3 + 18.2 = 42.5% of the total variance. 
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Figure 6. ATAC-seq delivers reliable small-variant calls within accessible regions and supports cohort genetic stratification in primary tumors. ( A ) Study 
design for the primary tumor cohort comprising 22 TCGA tumors (13 low-grade gliomas and 9 gliomas) with matched bulk ATAC-seq and WGS. ( B ) 
Oncoplot summarizing recurrent glioblastoma (GBM) and low-grade glioma (LGG) driver alterations across the TCGA cohort (e.g. IDH1 , TP53 , ATRX , and 
1p/19q). Alterations are annotated by functional class (missense, nonsense, frameshift, splice-site affecting, and LoH). ( C ) Boxplots illustrating the 
distribution of performance metrics for bcftools/mpileup small-variant calls from ATAC-seq TCGA tumors at each ATAC-seq sequencing depth (10M–50M 

fragments). Metrics include overlap with the matched 30 × WGS callset, precision, recall and F1 score, computed using ATAC-seq calls as the query and 
30 × WGS as the truth set, and restricted to variants within ATAC-seq peaks. ( D ) Phylogenetic reconstruction based on IBS genetic distances computed 
from genotypes at 1 220 SNPs (missing rate < 10% across the global callset), comparing 30 × WGS and ATAC-seq callsets generated at increasing 
sequencing depths (10M-50M fragments) for each TCGA tumor. Outer annotation tracks indicate diagnosis (LGG or GBM), IDH status, and 1p/19q status. 

 

 

 

 

 

 

 

 

 

  
reflecting population genetic structure, rather than tumor biol-
ogy. In this subset, demographic annotations are strongly im-
balanced ( Supplementary Table S1 ), with most GBM tumors
derived from patients who self-identified as Black or African
Americans, whereas most LGG tumors were derived from pa-
tients who self-identified as Whites, so part of the apparent
separation between LGG and GBM may reflects underlying
germline ancestry and its confounding with cancer type diag-
nosis. 

Together, these results show that bulk ATAC-seq in primary
tumors delivers reliable and depth-scalable small-variant calls
within accessible chromatin, with high precision and recall in 

primary tumors. This level of stability supports the use of bulk 

ATAC-seq to interrogate sequence variation embedded within 

regulatory elements also enabling cohort-level stratification. 

ATAC-seq captures coordinated CNV, 
telomere-repeat, and mitochondrial signatures in 

primary tumors 

We then examined whether multiple genome-derived 

signals—spanning genome structure, repetitive elements,

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
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nd mitochondrial variation—can be recovered in a co-
rdinated manner from the same bulk ATAC-seq libraries
enerated from primary tumors. Using the TCGA LGG/GBM
ohort, we therefore examined CNV landscapes, telomere-
ssociated repeat abundance, and mitogenome profiles in
arallel across matched WGS and ATAC-seq datasets. 
At the level of large-scale genome structure, ATAC-seq-

erived CNV profiles closely recapitulated WGS-derived
opy-number states across tumors and sequencing depths
Fig. 7 A and B). Focusing on the five LGG tumors anno-
ated by TCGA as 1p/19q codeleted (oligodendrogliomas),
TAC-seq background-coverage profiles robustly reproduced

he expected broad-arm losses across all downsampling lev-
ls (10M–50M fragments), with highly concordant within-
ample profiles and consistent clustering patterns relative to
atched 30 × WGS (Fig. 7 A). Across the full cohort, CNV

tate classification against the 30 × WGS truth set showed
igh accuracy across diploid, gain, and loss states, gener-
lly approaching 0.95–1.0 at all sequencing depths (Fig. 7 B).
his performance was driven by a markedly conservative be-
avior for nondiploid calls: specificity for both gains and
osses remained near ceiling across depths, indicating that
TAC-seq rarely introduces spurious CNV states relative to
GS. Sensitivity does not improve with depth and showed

lass-dependent variation, with gains displaying greater dis-
ersion than losses, reflecting the greater sensitivity of copy-
umber gains to segmentation thresholds and local coverage
ariability. 

In parallel, we evaluated telomere-associated repeat abun-
ance in the same samples and observed that ATAC-seq-WGS
orrelation distributions shift upward with sequencing depth
or all motifs, including the noncanonical repeats (Fig. 7 C).
n contrast to the patient-derived melanoma cell line cohort
here depth-dependent improvements were largely restricted

o the canonical TTAGGG motif, primary tumors showed a
onsistent positive correlation with depth for both canonical
nd variant telomeric repeats (Fig. 7 C). This difference is con-
istent with the stronger sampling constraint in the melanoma
enchmark, where ATAC-seq reads were deliberately hard-
rimmed to 2 × 25 bp to harmonize libraries prior to down-
ampling, thereby reducing local sequence context and effec-
ive mappability in repetitive telomeric regions. In the TCGA
ohort, the longer 2 × 76 bp reads provide greater anchor-
ng context for repeat-containing fragments, which likely con-
ributes to the more uniform depth-dependent gain in con-
ordance across motifs. Leveraging cohort size within this in-
egrative framework, we then related TTAGGG abundance
o TERT expression and observed that tumors classified as
ERT -expressing tended to occupy a lower TTAGGG-repeat

egime across depths (Fig. 7 D). While counter-intuitive at first
lance, this pattern is compatible with a model in which telom-
rase is reactivated preferentially in contexts of telomere at-
rition, maintaining telomeres above a minimal functional
hreshold rather than restoring long telomere tracts, such that
igh TERT expression can coincide with comparatively lower
epeat abundance [ 69 ]. 

Finally, ATAC-seq enabled robust mitochondrial profiling
n these primary tumor samples. Mitogenome coverage pro-
les showed that ATAC-seq achieves 30 × WGS-like mito-
hondrial sampling even at modest depth, with increasing
epth producing stepwise gains in median coverage across
umors (Fig. 7 E). Coverage was broadly distributed along
he circular mitogenome but displayed reproducible local
dropouts—most notably around ND2 and ATP8 , suggesting
locus-specific effects that persist across depths (Fig. 7 E) which
were also captured with 30 × WGS. Such structured troughs
are consistent with sequence- and context-dependent tagmen-
tation and mapping biases, including Tn5 sequence prefer-
ence and local mappability constraints. Despite these local fea-
tures, mitochondrial variant signals were stable: PCA of vari-
able mtDNA SNP VAF profiles maintained tight within-tumor
grouping across ATAC-seq depths together with the matched
30 × WGS point, indicating that ATAC-seq preserves tumor-
specific mtDNA allele-fraction fingerprints in primary samples
(Fig. 7 F). To assess whether concordance between ATAC-seq
and WGS is driven solely by near-homoplasmic haplogroup-
defining variants, we generated an additional VAF heatmap
for the TCGA LGG/GBM cohort restricted to sub-fixed vari-
ants (VAF < 0.95), excluding near-homoplasmic sites. This
analysis ( Supplementary Fig. S5 ) confirms that tumor-specific
allele-fraction patterns are preserved in the sub-fixed variant
subset, and that ATAC-seq profiles remain concordant with
matched 30 × WGS across downsampling depths indepen-
dently of haplogroup-driven signal. 

Taken together, these analyses show that bulk ATAC-seq in
primary tumors captures a coordinated set of genome-derived
signatures spanning CNVs, telomere-associated repeats con-
tent and mitogenome variations in primary tumors. Impor-
tantly, these signals remain internally consistent across se-
quencing depths and align with matched WGS despite the bi-
ological and technical heterogeneity inherent to clinical tumor
specimens, reinforcing bulk ATAC-seq as a unified experimen-
tal substrate for integrative genome–epigenome characteriza-
tion in cancer cohorts. 

Discussion 

Bulk ATAC-seq was originally conceived as a chromatin ac-
cessibility assay, optimized to map regulatory elements and
infer transcriptional control across the genome [ 3 , 70 ]. In this
study, we show that ATAC-seq also retain reproducible ge-
netic and structural information that extends beyond classi-
cal epigenomic readouts. Although much of the methodolog-
ical development and formal benchmarking of these genome-
derived signals has been so far evaluated in single-cell ATAC-
seq, where copy-number states, mitochondrial genotypes, and
genetic subclones can be resolved at cellular resolution [ 28 ,
71–73 ], equivalent reference-grade validation in bulk ATAC-
seq has remained comparatively limited. By systematically
benchmarking bulk ATAC-seq against matched WGS, we
show that ATAC-seq can be used as a multi-layer assay, cap-
turing regulatory state while also supporting selected genomic
proxies, provided that each signal is interpreted within its bi-
ological and technical limits. To ensure that this benchmark is
robust, we structured it around two complementary cohorts.
We first analyzed patient-derived melanoma cell lines, where
sample composition is controlled and ATAC-seq libraries typ-
ically display high signal-to-noise (high FRiP), allowing us to
characterize best-case behavior and to isolate technical deter-
minants such as sequencing depth and read length. We then
applied the same analyses to 22 primary TCGA brain tumors
(LGG/GBM), where ATAC-seq quality metrics vary widely
(FRiP range), alongside variable tumor purity and intratu-
mor heterogeneity, thereby more closely reflecting the con-
straints of clinical material. Together, these two cohorts al-
low us to define not only what bulk ATAC-seq can recover

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag046#supplementary-data
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Figure 7. ATAC-seq captures coordinated CNV, telomere-repeat and mitochondrial signatures in primary tumors. ( A ) Genome-wide CNV profiles inferred 
from 30 × WGS and ATAC-seq at different sequencing depths (10M–50M fragments) for the 5 LGG tumors with 1p/19q co-deletion. Samples were 
clustered using Pearson correlation and Ward’s D2 linkage. Copy-number gains are highlighted in orange, losses in blue, and diploid segments in white. 
( B ) Boxplots illustrating the classification performance of ATAC-seq copy-number calls relative to matched 30 × WGS across LGG and GBM TCGA 

tumors summarized by accuracy, sensitivity, and specificity and stratified by class (loss, diploid, gain). ( C ) Boxplot illustrating the distribution of Pearson 
correlation coefficients between ATAC-seq and 30 × WGS telomeric repeat content across LGG and GBM TCGA tumors, shown as a function of 
ATAC-seq sequencing depth. The analysis is stratified by telomeric repeat sequence (TTAGGG: canonical telomeric repeat sequence). ( D ) Relationship 
between telomeric repeat content and TERT expression across TCGA LGG and GBM tumors. Each panel shows ATAC-seq libraries subsampled to 
increasing sequencing depths (10M–50M fragments). The y -axis indicates log10 -transformed ATAC-seq reads mapping to the canonical telomeric repeat 
(TTAGGG), and the x -axis shows log10 -transformed TERT expression (TPM). Points are colored by ATAC-seq depth and shaped according to TERT 
expression status (triangles: TERT expressed; circles: TERT not expressed). Dashed lines indicate the thresholds used to define high telomeric content 
and TERT expression. ( E ) Polar plot of log10 -transformed mitogenome coverage across TCGA LGG and GBM tumors. Median profiles are shown for 30 ×
WGS (dark gray) and ATAC-seq at increasing depths (10M–50M fragments, yellow-to-dark-blue gradient). Shaded ribbons indicate the interquartile range 
(25th–75th percentiles) across tumors. The outer ring shows the genomic coordinates of annotated mitochondrial genes along the circularized 
mitochondrial genome. Gene segments are color-coded according to their assignment to respiratory chain complexes (Complex I, III, IV, and V) or RNA 

genes (rRNA and tRNA). ( F ) PCA of mitochondrial SNP VAF profiles at variable sites with standard deviation of VAF > 0.1. For each LGG and GBM TCGA 

tumors, one dot corresponds to the 30 × WGS dataset (gray), while additional points correspond to ATAC-seq datasets downsampled to increasing 
sequencing depths (10M–50M fragments, yellow-to-dark-blue gradient). The first two principal components explain 8.9 + 8.1 = 17.0% of the total 
variance. 
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these technical boundaries. 
nder controlled conditions, but also which genome-derived
ignals remain robust and reproducible in heterogeneous tu-
or samples. 
Within this framework, small-variant detection provides a

rst, stringent test of how far bulk ATAC-seq can be pushed
oward genomic readouts. As expected from an accessibility-
iased assay, ATAC-seq does not sample the genome uni-
ormly; instead, variant recovery is mostly restricted to ac-
essible chromatin and strongly shaped by local coverage.
n the melanoma cell-line cohort, SNP calls derived from
TAC-seq consistently showed high precision across sequenc-

ng depths, while recall remained the limiting factor, even
ithin peak regions. This behavior reflects sparse and het-

rogeneous sampling, and it is reinforced by the strong en-
ichment of shared SNPs near ATAC-seq peak summits. Im-
ortantly, this precision-first regime was generalized to clini-
ally derived samples. In the TCGA LGG/GBM cohort, where
TAC-seq data display longer reads and are biologically het-
rogeneous, SNP recovery within peaks improved markedly
hile maintaining high precision across downsampling levels.
s a result, ATAC-seq-derived genotypes were stable enough

o preserve within-sample identity and to support cohort-scale
enetic stratification. These results indicate that, although
ulk ATAC-seq cannot provide comprehensive genome-wide
ariant discovery, it delivers a robust and reproducible geno-
yping signal within accessible chromatin that is well suited
or cohort-level genetic stratification and the analysis of se-
uence variation occurring within regulatory elements in het-
rogeneous tumor cohorts. Indel detection further sharpens
he distinction between constraints intrinsic to accessibility-
ased assays and technical limitations imposed by ATAC-seq
ead length. In the melanoma benchmark, where ATAC-seq
eads were harmonized to 2 × 25 bp to control for library het-
rogeneity, indel recovery was extremely limited across depths,
ith low recall despite moderate precision. This behavior is

onsistent with insufficient local sequence context for accu-
ate alignment and breakpoint resolution [ 74 ], and therefore
eflects a read-length constraint rather than a fundamental
imitation of accessibility-based sampling. In contrast, in the
CGA LGG/GBM cohort profiled with 2 × 76 bp ATAC-
eq, indel recovery improved substantially and showed a clear
epth dependence, with both overlap and recall increasing
cross downsampling levels. These results directly link indel
erformance in bulk ATAC-seq to read length and local align-
ent context, highlighting that, unlike SNPs, indel detection

s particularly sensitive to read length and local alignment
ontext. 

Copy-number variation presents a qualitatively different
egime. Unlike small variants, CNV inference integrates signal
ver large genomic windows and is therefore far less sensitive
o locus-level sampling sparsity [ 75 ]. While CNV inference
rom ATAC-seq has been explored in single-cell settings—
here it underpins genetic subclone deconvolution and tu-
or evolution analyses [ 30 , 72 ]—its operating characteris-

ics in bulk ATAC-seq have been less systematically evaluated
gainst matched WGS. By exploiting background coverage
utside accessible peaks, bulk ATAC-seq robustly recapitu-
ated WGS-derived CNV landscapes across both melanoma
ell lines and primary TCGA tumors. Even at modest se-
uencing depth, ATAC-seq recovered broad-arm alterations
nd large-scale CNV structure, with concordance stabiliz-
ng early as depth increased. Importantly, CNV calling from
TAC-seq behaved conservatively: non-diploid states were de-
tected with high specificity relative to WGS, while sensitiv-
ity improved with depth and showed class-dependent varia-
tion, with gains showing lower sensitivity and greater variabil-
ity than losses, consistent with stronger dependence on seg-
mentation thresholds and coverage uniformity. In the TCGA
cohort, this conservative behavior was reinforced at cohort
scale, including the robust recovery of canonical alterations
such as 1p/19q codeletion in LGG samples. Taken together,
these results position CNV profiling as one of the most stable
and reliable genome-derived readouts obtainable from bulk
ATAC-seq. 

One of the most striking genome-derived readouts from
bulk ATAC-seq is the mitochondrial genome. In contrast to the
nuclear genome, mitochondrial DNA is present in hundreds
to thousands of copies per cell and is packaged in nucleoids
rather than canonical nucleosomes, making it an exceptionally
efficient substrate for Tn5 transposition [ 3 , 4 , 32 ]. As with
CNVs, the most explicit methodological development and
benchmarking of mitochondrial genotyping have been driven
by single-cell ATAC-seq [ 31–33 ], motivating the need to as-
sess how much of this robustness transfers to bulk ATAC-seq
under realistic tumor heterogeneity. As a result, bulk ATAC-
seq routinely achieves very high mitochondrial coverage even
at modest sequencing depth, often comparable to or exceed-
ing that obtained with matched 30 × WGS. In the melanoma
cell-line cohort, ATAC-seq reached deep and overall uniform
mitogenome coverage already at 10M fragments, enabling
stable estimation of mitochondrial allele fractions across a
large set of sites. This technical property translates into robust
and reproducible mitochondrial variant profiles. Using joint
calling across downsampled ATAC-seq libraries and matched
WGS, we show that mitochondrial allele-fraction (VAF) pat-
terns are highly consistent across sequencing depths and plat-
forms. In melanoma cell lines, ATAC-seq-derived VAF profiles
preserve cell line-specific signatures and closely mirror WGS,
with most variants near fixation and a smaller subset of re-
producibly sub-fixed sites. Importantly, VAFs < 1 in bulk pro-
files should not be interpreted as single-cell heteroplasmy, but
rather as population-level mixtures reflecting intracellular het-
eroplasmy and/or subclonal composition. Crucially, this ro-
bustness extends to clinically derived samples. In the TCGA
LGG/GBM cohort, mitochondrial VAF profiles inferred from
ATAC-seq remain highly consistent across downsampling lev-
els and closely match those obtained from the correspond-
ing tumor WGS. This concordance holds despite wide varia-
tion in ATAC-seq quality metrics, tumor purity, and biological
heterogeneity, indicating that mtDNA allele-fraction patterns
are preserved at the sample level and can be reliably recov-
ered from bulk ATAC-seq. These results highlight mitochon-
drial profiling as a particularly high-yield and underutilized
by-product of bulk ATAC-seq. At the same time, they warrant
careful interpretation. Short-read mitochondrial analyses are
susceptible to confounding by nuclear mitochondrial DNA
segments (NUMTs), which can generate spurious variant calls
or distort allele fractions if not properly controlled [ 76 , 77 ].
While our conservative filtering mitigates obvious artefacts
(e.g. low-support and strand-inconsistent sites), NUMT-aware
mapping and variant-calling strategies remain important av-
enues for further refinement. Taken together, our results posi-
tion mitochondrial genome profiling as one of the most robust
genome-derived readouts of bulk ATAC-seq, offering reliable
and biologically informative signal when interpreted within
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Telomeric repeats are a fundamentally harder target for
bulk ATAC-seq compared to small variants or CNVs. Telom-
eric regions are indeed highly repetitive, often heterochro-
matic, and subject to substantial mapping ambiguity, making
them intrinsically difficult for short-read sequencing [ 78–80 ]
and, a fortiori, for an accessibility-based assay. Recent work
has emphasized that telomere-like reads in ATAC-seq cannot
be straightforwardly interpreted as telomere length, as a sub-
stantial fraction originates from subtelomeric domains, inter-
stitial telomeric sequences, or telomere-adjacent repeat tracts,
and may reflect chromatin accessibility or condensation states
rather than physical telomere tracts [ 35 ]. Consistent with this
view, we deliberately frame our analyses in terms of telomere-
associated repeat abundance, and we restrict our readouts to
intratelomeric signals to minimize contributions from pseudo-
and interstitial repeats. Within this conservative framing, bulk
ATAC-seq nonetheless yields reproducible, depth-dependent
behavior. In the patient-derived melanoma cell line cohort,
where ATAC-seq reads were harmonized to 2 × 25 bp, con-
cordance with WGS-derived repeat abundance was modest
and strongly motif-dependent: the canonical TTAGGG sig-
nal showed the clearest depth effect, whereas variant repeats
remained weaker and less monotonic. This pattern is consis-
tent with limited local context and mappability under short-
read conditions, and it underscores that telomeric analyses
from ATAC-seq are particularly sensitive to ATAC-seq read
length. In the TCGA LGG/GBM cohort profiled with 2 × 76
bp ATAC-seq, correlation distributions shifted upward with
depth across motifs, consistent with improved repeat mappa-
bility and greater context at longer read length. Leveraging co-
hort size in the TCGA setting further revealed a biologically
coherent association with telomerase activation. Across the
TCGA LGG/GBM primary tumors, TERT -expressing cases
tended to occupy a lower TTAGGG repeat-abundance regime
across sequencing depths. While counterintuitive, this obser-
vation is compatible with models in which telomerase is pref-
erentially reactivated in the setting of telomere attrition and
maintains telomeres above a functional threshold rather than
restoring long telomeric tracts [ 69 , 81 ]. Together, these results
indicate that telomere-associated repeat abundance can be re-
covered reproducibly from bulk ATAC-seq under strict con-
straints. While it does not substitute for dedicated telomere
length assays, this signal provides a scalable and comparative
readout that can be informative at the cohort level when its
scope and limitations are explicitly defined. It should be noted,
however, that the association between telomere-associated re-
peat abundance and telomere maintenance reported here is
based on cancer cell lines and primary brain tumors express-
ing TERT, and its applicability as a genome stability readout
in noncancerous tissues, in tumors lacking telomerase activa-
tion, or across other cancer types remains to be established. 

This systematic benchmark highlights a simple organizing
principle: genome-derived signals recovered from bulk ATAC-
seq depend strongly on the scale at which information is in-
tegrated. Base-pair-level features such as SNPs operate under
tight constraints imposed by local accessibility, allelic balance,
and read length, resulting in high precision but limited recall,
with indels further exposing the importance of ATAC-seq read
length. In contrast, CNV inference integrates signal over large
genomic windows and is therefore robust to local sparsity,
yielding conservative and stable structural profiles even in het-
erogeneous tumor samples. Mitochondrial variants occupy a
distinct regime, benefiting from high copy number and effi-
cient transposition to produce deep and highly reproducible 
signal, while telomere-associated repeats represent the most 
constrained case, where repetitiveness and mapping ambigu- 
ity dominate but still allow interpretable cohort-scale trends 
under strict framing. Taken together, these results show that 
bulk ATAC-seq does not provide a single level of genomic res- 
olution, but rather a spectrum of recoverable signals whose ro- 
bustness increases as signal is integrated over broader genomic 
scales. In practice, this reframes bulk ATAC-seq as an inte- 
grative backbone: while regulatory profiling remains the pri- 
mary readout, the same libraries can also support accessible- 
region genotyping for quality control and stratification, con- 
servative CNV landscapes for genome-structure context, mi- 
tochondrial allele-fraction fingerprints, and cautiously inter- 
preted telomere-associated repeat abundance. The value lies 
not in competing with WGS, but in enabling a disciplined,
multi-layer view of tumor biology from a single assay when 

multi-platform profiling is constrained by material, cost, or 
logistics. 

Despite this versatility, bulk ATAC-seq has intrinsic lim- 
itations that define its boundaries. Its bias toward open 

chromatin restricts genome-wide variant discovery, leaving 
deeply heterochromatic and low-accessibility regions under- 
powered. Indel detection remains particularly sensitive to read 

length and alignment context, and nucleotide-level analy- 
ses are further influenced by sequence-dependent Tn5 trans- 
position bias, and—specifically for mitochondrial calling—
by mapping ambiguities such as NUMTs. While Tn5 bias 
can be modelled and corrected for quantitative coverage- 
based analyses [ 17 , 78–81 ], it imposes irreducible limits on 

qualitative nucleotide-level inference at poorly sampled loci.
Similarly, telomere-associated signals require explicit mod- 
elling of subtelomeric contributions and benefit from calibra- 
tion against orthogonal assays. These limitations point to- 
ward clear avenues for improvement. Algorithms explicitly 
designed for ATAC-seq—rather than adapted from WGS—
could incorporate accessibility-aware priors for variant call- 
ing, chromatin-informed CNV models, NUMT-aware mi- 
tochondrial pipelines, and refined repeat-abundance frame- 
works [ 32 , 33 , 73 ]. 

In summary, our study demonstrates that bulk ATAC-seq 

is more than just an epigenomic assay. Our systematic bench- 
mark establishes that a single ATAC-seq library can deliver co- 
ordinated regulatory and genomic readouts—capturing chro- 
matin accessibility together with accessible-region genotypes,
conservative copy-number architecture, telomere-associated 

repeat abundance, and mitochondrial allele-fraction finger- 
prints. This integration confers immediate practical value in 

settings where tissue availability is limited, multi-platform 

profiling is impractical, or cost and turnaround time constrain 

clinical or translational workflows [ 82–85 ]. Contemporary 
cancer classification increasingly relies on composite molec- 
ular portraits that integrate genetic drivers, copy-number al- 
terations, epigenetic state, telomere maintenance features and 

metabolic context [ 85–91 ]. Yet, in practice, these dimensions 
are rarely interrogated jointly—even in well-resourced pre- 
cision oncology programs—because they require distinct as- 
says, additional material, and complex analytical coordina- 
tion. As a result, tumors sharing the same molecular label fre- 
quently diverge along axes that are biologically and clinically 
meaningful. Across multiple cancer types, including diffuse 
gliomas, melanomas, colorectal cancer, and hematological ma- 
lignancies, variation in genome structure [ 92–94 ], telomere- 
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ssociated features [ 64 , 65 , 95–98 ], mitochondrial genetics
 86 , 99 ], and chromatin accessibility [ 100 , 101 ] has been
inked to treatment response, immune interaction, metabolic
eprogramming, and evolutionary potential. Despite their rec-
gnized importance, these axes are typically studied in isola-
ion, obscuring how they co-evolve within individual tumors
nd shape integrated tumor behavior [ 88–96 ]. By extracting
hese layers from a single assay, genome-aware ATAC-seq en-
bles the definition of composite tumor states that cut across
onventional molecular taxonomies. Rather than replacing es-
ablished classifications, this framework contextualizes them
y revealing how regulatory architecture, structural variation,
elomere-associated features, and mitochondrial genetics co-
ary within tumors. Such states provide a structured and bi-
logically interpretable representation of tumor heterogene-
ty, grounded in measurable molecular features and amenable
o retrospective or prospective analysis without additional tis-
ue consumption. Importantly, the value of this approach does
ot lie in immediate clinical prediction, but in its capacity
o organize molecular complexity in a scalable and testable
anner [ 82–85 ]. By maximizing information yield per sam-
le, genome-aware ATAC-seq supports hypothesis-driven ex-
loration of coupled molecular axes that are otherwise frag-
ented across platforms—offering a pragmatic entry point for

ntegrated tumor profiling when comprehensive multi-omics
s infeasible. As precision oncology continues to move toward
ner-grained molecular stratification under increasing prac-
ical constraints, this integrative use of bulk ATAC-seq pro-
ides a versatile and immediately deployable backbone for
oint genomic–epigenomic characterization in both research
nd translational settings. 
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