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The rapid advancement of transposase-accessible chromatin using sequencing
(ATAC-seq) technology, particularly with the emergence of single-cell ATAC-
seq (scATAC-seq), accelerates the studies of gene regulation. However, the
absence of a generic feature reference for ATAC-seq data limits single-cell
analyses and hinders the development of comprehensive cell atlases. To
address this, we construct a generic chromatin accessibility reference by
aggregating peaks from 624 high-quality bulk ATAC-seq datasets, defining
about 1.4 million consensus peaks (cPeaks). Leveraging a deep neural network
model, we expand cPeaks to include previously unobserved regions, enhan-
cing their coverage across diverse tissues and cell types. cPeaks exhibit con-
sistent shapes across tissue types, sequencing technologies, and peak-calling
methods, indicating that they represent inherent genomic features. Compared
to existing feature-defining methods and references, cPeaks show superior
performance in scCATAC-seq analyses, improving cell annotation and rare cell
type identification. Additionally, cPeaks provide insights into chromatin
dynamics during cellular differentiation and tumor progression. cPeaks can
serve as a robust reference for chromatin accessibility studies to promote
cross-dataset consistency and accelerate biological discoveries.

Chromatin accessibility refers to the availability of chromatinized
DNA to directly interact with other macromolecules'. The accessible
regions®®, also known as open regions'?, often associate with reg-
ulatory elements such as promoters, enhancers, insulators, and
transcription factor (TF) binding sites (TFBSs)**. Studying accessible
regions is crucial for deciphering gene regulations>*® across various
biological processes, including cell differentiation®, organ
development™'?, and disease manifestation®°. The advancements in
high-throughput sequencing technologies’, particularly Assay for
Transposase-Accessible Chromatin using sequencing (ATAC-seq)"",
have revolutionized our ability to measure chromatin accessibility on

a genome-wide scale by offering more efficient and simplified
approaches. Especially, the emergence of single-cell ATAC-seq (ScA-
TAC-seq)”* now allows for the exploration of chromatin accessi-
bility at single-cell resolution, complementing single-cell RNA
sequencing (scRNA-seq) for investigating the molecular properties of
cells of different types or states and for building the biomolecular
atlases of cells*'**%,

Unlike RNA-seq, which benefits from established reference
transcriptomes”, ATAC-seq lacks a standardized reference for localiz-
ing and quantifying chromatin accessibility across the genome. Tradi-
tional approaches in bulk ATAC-seq involve creating sample-specific
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feature sets, using peak-calling algorithms such as MACS2* and Cell
Ranger ATAC” to identify regions with significantly enriched read
signals as accessible regions or peaks>**, When integrating data from
different samples, current practices usually first call peaks as features in
each dataset, and then integrate these features with the peak
merging®™* or iterative removal**® approach. The merging approach
combines overlapping peaks into broader regions, potentially merging
adjacent peaks inaccurately. The iterative removal approach selects the
most significant peak from overlapping areas, risking the loss of valu-
able information. Recently, an alternative approach avoids peak calling
by tiling the genome into fixed-width bins (e.g., 500 bp) for accessibility
comparison across cells and samples®. This strategy avoids the com-
plexity of merging non-aligned peaks and enables easier comparison
across datasets. While it has proven effective for analyzing gene reg-
ulatory programs in large cohorts, using uniform bins may overlook
true biological peak boundaries and reduce resolution for detecting
fine regulatory elements.

The advent of scATAC-seq provides a single-cell resolution of
chromatin accessibility information and brings substantial increases in
the scale of the data, often comprising tens to hundreds of thousands
of cells>***°, However, peak-calling at the single-cell level is impractical,
necessitating the merging of multiple cells into pseudo-bulk samples
to define accessible regions®*2%2%3*3 This results in the loss of single-
cell resolution and potentially obscures unique chromatin features of
rare cell types. To improve this, iterative techniques for clustering® and
optimized latent semantic indexing (LSI)** have been developed to
improve the identification of accessible regions, especially in rare cell
types. Nevertheless, these techniques still involve multiple rounds of
feature integration, which increases with scATAC-seq data scales,
leading to labor-intensive processes and aggravated information loss,
especially in atlas-scale analyses.

These challenges highlight the critical need for a generic refer-
ence of accessible regions to standardize analyses across the increas-
ing volume of sequencing data, and to enhance the consistency and
accuracy of research. Valentina et al. have shown that using predefined
sets of genomic regions can facilitate the mapping of scATAC-seq
data”. This underscores the potential transformative impact of a
comprehensive reference that encompasses all or at least the major
potential accessible regions shared across datasets on scATAC-seq
data analysis. Currently, several pre-defined sets of accessible regions
have been proposed to identify and characterize possible gene reg-
ulatory elements****. For example, the consensus DNase I hypersen-
sitive site (cDHS)* offers a standard index of DNase I hypersensitive
sites identified through DNase | hypersensitive seq (DNase-seq) data,
and the cis-element ATLAS (CATLAS)® was introduced as a repository
of candidate cis-regulatory elements (cCREs) across the genome. cDHS
is specifically based on DNase-seq technology, and CATLAS cCREs do
not retain information on the length of accessible regions. Conse-
quently, these resources are often employed for quality control in data
analysis rather than as comprehensive references for data analysis®.

To construct a robust chromatin accessibility reference, we col-
lect 624 high-quality public bulk ATAC-seq datasets, covering diverse
tissue types. These datasets are used to define approximately 1.4 mil-
lion observed consensus peaks (cPeaks) as a chromatin accessibility
reference. To evaluate the generalizability of cPeaks as a universal
feature set for scATAC-seq data, we validate them using an indepen-
dent set of 231 scATAC-seq datasets. We find consistent patterns in
cPeak shapes across tissue types, sequencing technologies, and peak-
calling methods, suggesting that cPeaks represent inherent genomic
features. To address the limitation of unseen tissue-specific accessible
regions in existing data, we develop a deep neural network model to
predict new cPeaks, adding -0.28 million predicted regions to the
reference. We use an additional independent set of 789 bulk ATAC-seq
datasets to validate the reliability of predicted cPeaks. The combined
observed and predicted cPeaks serve as a standardized set of

chromatin accessibility references, enhancing cross-dataset con-
sistency in ATAC-seq analyses. Compared to existing feature-defining
methods and references, cPeaks significantly improve scATAC-seq cell
annotation and rare cell type identification. Additionally, cPeaks
facilitate the exploration of chromatin dynamics in complex biological
states such as cellular differentiation and tumor progression. We
provide comprehensive resources and bioinformatics tools to inte-
grate cPeaks into multiple analysis pipelines to enable their effective
use in all types of chromatin accessibility studies.

Results

Defining cPeaks by aggregating ATAC-seq data

We used bulk ATAC-seq data to establish a robust chromatin accessi-
bility reference. We collected all available bulk ATAC-seq datasets
derived from healthy adult samples from two widely used repositories,
ENCODE" and ATACdb*. After quality control, the collection resulted
in a total of 624 high-quality datasets, covering over 40 human organs
and all body systems (Methods, Supplementary Data 1, Supplementary
Fig. 1a). Each dataset provided a set of pre-identified peaks, each
marking an accessible region on the genome observed in respective
dataset (Fig. 1a). Peaks were iteratively merged, one dataset at a time,
with non-overlapping peaks directly added to the pool and over-
lapping peaks combined into broader regions (Methods). As more
datasets were integrated, the total number of peaks and their genomic
coverage initially grew rapidly, followed by a gradual deceleration in
growth (Fig. 1b), suggesting that the total number of all possible
accessible regions on the genome may be limited.

After processing all datasets, we identified approximately 1.2
million merged peaks, covering about 30% of the whole genome. Each
merged peak represents a genomic region that could be accessible in
one or more cell types. For each position within a merged peak, we
calculated the proportion of datasets in which the position was cov-
ered by peaks, defining this proportion as the “accessible score” for the
position. The series of accessible scores along the 5-to-3’ direction of a
merged peak was summarized into a profile referred to as the “shape”
of the peak (Methods).

We then investigated whether the shapes of merged peaks
remained consistent under varying conditions. As an internal evalua-
tion, we first grouped the datasets used to construct merged peaks
based on tissue origin and source databases. About 51% of the datasets
came from blood samples, while the rest were from solid tissues such
as lung, heart, and brain. We applied the same merging procedure to
each group independently, and the majority of peaks overlapped
across blood and solid tissues (87% and 76%, respectively) showed
highly similar shapes, as illustrated in Fig. 1c. We quantified shape
similarity using the Pearson correlation coefficient (PCC; Methods,
Supplementary Fig. 1b), yielding a median PCC of 0.916 (Supplemen-
tary Fig. 1c). To assess the sensitivity and significance of this similarity,
we compared the PCCs against two baselines: shuffled pairings and
250 bp-shifted pairs (Methods, Supplementary Fig. 1b). As expected,
the paired peaks showed substantially higher PCCs than either base-
line: 61.2% had empirical p <0.05 compared to shuffled controls, and
77.7% compared to shifted controls (Methods, Supplementary Fig. 1d).
These results support the robustness and biological relevance of peak
shape consistency across tissue types.

We then evaluated the robustness of peak shapes across data
sources and technologies. First, we generated merged peaks sepa-
rately from ENCODE and ATACdb datasets, which had been pro-
cessed using MACS2*® with different peak-calling parameters
(Methods). Once again, we observed a high level of shape similarity
(median PCC=0.868, Supplementary Fig. 1c), with 25.3% of pairs
significant against shuffled controls, and 93.1% against shifted con-
trols (Supplementary Fig. 1d). We then compared merged peaks from
ATAC-seq (ENCODE) and DNase-seq (cDHS)*® datasets (Methods).
Despite differences in assay principles and processing pipelines, we

Nature Communications | (2026)17:2522


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-69461-6

a peaks defined in individual datasets b [
/ N 5o g3
X ) 2
5y g 2
3% e §o
ESw S §°
3 g’ E ° § — all tissues
& e = — solid tissues
g S £ — blood
o o s ° g
ATAC-seq 0 200 400 600 0 200 400 600 15526375 Chr1 15527429
datasets number of datasets number of datasets genomic position (bp)
rue peak pairs shuffled controls shifted controls )
d [ true peak pai [ shuffled control [ shifted control: e g
Tissue types @ @
< = 2
/) (Blood vs. solid tissues) 53 2
° 53 8
< Peak-calling parameters 52 3 2
z (ENCODE vs. ATACdb) > s
! ! zo . . 5o
3« Sequencing technologies e . -E «
multimodal unimodal . (ATAC-seq vs. DNase-seq) | S x 2o
« Peak-calling methods % g T
~ —— shape ~ merged s = (MACS2vs.CelRanger) | ° - on
peaks 1 05 0 05 1 08 0.85 0.9 0.95 1
«~— location — _ PCC of peak shapes coverage of cPeaks
l l M cDHSs M cPeaks h
o e pair 1 pair 2 pair 3 8
shape
. — Pe . cPeaks o
| — N

s — location — .

frequency of
read counts (x107%)
5

PGK1
s [ -
ChrX 78104 78105 78110

-1000
genomic position (kb)
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datasets to be aggregated. ¢ An example of the shapes of merged peaks on chro-
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observed high shape similarity at corresponding genomic regions
(median PCC = 0.902, Supplementary Fig. 1c, d). Since both ENCODE
and ATACdb, datasets used for generating merged peaks in this
study were analyzed by MACS2, we specifically compared peaks
generated by all ENCODE datasets with those generated by
CellRanger” from a 10x Genomics scATAC-seq dataset (Methods).
We clustered the single cells into 17 groups, derived pseudo-bulk
peaks for each group, and then constructed merged peaks using the
same procedure. Due to the limited number of cell types, the
resulting merged peaks had relatively low resolution, which likely
contributed to the lower observed PCC (median = 0.665). Never-
theless, the shape similarity remained significantly higher than both
the shuffled and shifted controls (19.3% and 22.9% of pairs significant
against shuffled controls and shifted controls, respectively), sup-
porting the robustness of peak shapes (Supplementary Fig. 1c, d).

Together, these findings highlight the consistent shapes of
merged peaks, regardless of tissue type, sequencing technology, or
peak-calling methodology. This suggests that merged peaks may
represent an inherent genomic feature and can serve as a basis for
generating a chromatin accessibility reference. These findings also
suggest that the generation of cPeaks is largely unaffected by batch
effects, including those arising from differences in sample origin,
sequencing technology, or computational processing. This robust-
ness likely stems from the design of our approach: cPeaks are con-
structed from pre-identified peak sets rather than raw sequencing
reads, allowing much of the technical noise to be filtered out during
initial peak calling.

We found that merged peaks exhibited two distinct shapes:
unimodal or multimodal (Fig. 1a, Methods). We found that multimodal
merged peaks were composed of adjacent unimodal peaks and
therefore we decomposed them into multiple unimodal peaks (Fig. 1a,
Methods). These unimodal merged peaks were designated as the basic
unit of the chromatin accessibility reference, termed observed con-
sensus peaks (cPeaks). In this way, we obtained approximately 1.4
million observed cPeaks in total (an example provided in Supple-
mentary Fig. 1e). The majority of observed cPeaks were shorter than
2000 bp, with a median length of 525 bp, closely aligning with previous
findings that ATAC-seq peaks typically span around 500 bp** (Sup-
plementary Fig. 1f). To assess the robustness of the final output, we
also evaluated shape consistency on the set of observed cPeaks
(Methods). This analysis confirmed that cPeaks retained high shape
similarity across different conditions (Fig. 1d and Supplementary
Fig. 1g), consistent with the trends observed in the merged peaks.

We assessed the feasibility of cPeaks as a chromatin accessibility
reference for processing scATAC-seq data. To ensure broad validation,
we collected 231 scATAC-seq datasets from published studies (Sup-
plementary Data 2, Supplementary Fig. 1a), each containing peaks pre-
identified using different peak-calling methods***’. For each dataset,
we calculated the proportion of the pre-identified peaks overlapping
with observed cPeaks, referred to as cPeak coverage. Most datasets
exhibited coverage above 0.9, with an average of 0.98 and a median of
0.99 (Fig. 1e). Observed cPeaks consistently maintained high coverage
across different tissue types, pre-identified peak numbers, and peak-
calling parameters without clear bias (Supplementary Fig. 1h).
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To further evaluate the enrichment of sequencing reads on
observed cPeaks, we used the 27 scATAC-seq datasets from CATLAS®
to investigate cPeaks’ performance across different organs. We found
that the sequencing reads were predominantly enriched near the
centers of observed cPeaks (Fig. 1f, Methods). On average, 68.8% of
sequencing reads in these scATAC-seq data were mapped to observed
cPeaks, surpassing the typical mapping rate of ~65% reported in the
technical reports of 10x Genomics (Methods). These findings establish
cPeaks as a reliable reference for capturing the signals in scATAC-seq
data across diverse organs.

We compared the performance of cPeaks against other pre-
defined accessible region sets, including cDHS and CATLAS cCREs of
human tissues. First, we assessed the differences in coverage between
cPeaks and cDHS on accessible regions identified by ATAC-seq and
DNase-seq. To do this, we constructed three unbiased pairs of ATAC-
seq and DNase-seq datasets from the GM12878 cell line using data in
ChiIP-Atlas* (Methods). We found that compared to cDHS, cPeaks
provided higher coverage of ATAC-seq-specific accessible regions
while maintaining similar coverage for DNase-seq-specific regions in
these datasets (Fig. 1g, Methods). This demonstrates that cPeaks
encompass a broader range of accessible regions detected by ATAC-
seq compared to cDHS.

We next evaluated how well different pre-defined accessible
region sets capture chromatin accessibility signals in real scATAC-seq
data, to assess whether these region sets could serve as effective
references for scATAC-seq analysis. To do so, we used pseudo-bulk
peaks identified by the commonly used MACS2? pipeline as a practical
baseline, reflecting common analysis practices in current workflows.
Using a hematopoietic differentiation dataset’, we mapped sequen-
cing reads to each region set and sorted accessible regions by the
number of mapped reads. As shown in Fig. 1h, cPeaks captured a
comparable proportion of sequencing reads to pseudo-bulk peaks,
and substantially outperformed both cDHSs and CATLAS cCREs. We
note that cDHSs were originally generated using Hotspot2, while
cPeaks and cCREs were called with MACS2, which may introduce minor
tool-related differences. However, as MACS2 is commonly adopted as
the default peak-calling tool for ATAC-seq in community pipelines®,
this result still suggests that cPeaks may serve as a more comprehen-
sive and appropriate reference for sCATAC-seq data analysis.

Expanding cPeaks through deep learning

cPeaks were derived from a finite set of ATAC-seq datasets. Despite the
considerable sample size, concerns remain about their ability to han-
dle unseen cell types with unique accessible regions. To address this
limitation and enhance cPeaks as a universal chromatin accessibility
reference, we employed a deep learning model to expand cPeaks.

We hypothesized that cPeak positions are related to their DNA
sequences. This assumption is supported by the non-random dis-
tribution of cPeaks across the genome (Fig. 1b) and their highly con-
sistent shapes regardless of tissue type, sequencing technology, or
peak-calling methodology. These observations suggest a sequence-
dependent mechanism underlying cPeak positioning.

We thus adapted the architecture of scBasset**, a one-dimensional
convolutional neural network (CNN) originally designed to predict
chromatin accessibility in a single-cell context using DNA sequence
information. However, our objective differs from the original design:
rather than predicting cell-type-specific accessibility profiles, we aim
to identify genomic regions with an intrinsic potential for accessibility,
independent of tissue or cell identity. Accordingly, we modified the
output layer of the model to perform binary classification, assigning
each input sequence to either cPeaks or non-cPeaks (Fig. 2a). Observed
cPeaks served as positive samples, while randomly selected regions
without cPeaks were used as negative controls (Methods).

The model achieved a high accuracy with an AUC of 94.72% on test
data (Fig. 2b), highlighting a strong relationship between cPeak

locations and their DNA sequence signatures. These findings reinforce
the hypothesis that cPeaks are an inherent genomic feature and
demonstrate the feasibility of predicting unobserved cPeaks using
DNA sequence information.

We evaluated whether the CNN model could predict cPeaks
specific to cell types or tissues that were not included during model
training. Each cPeak in our reference is annotated with the cell types
or tissues in which it is accessible, and we defined cell-type- or
tissue-specific cPeaks as those observed in only one context. To
assess generalization, we designed a leave-one-context-out strategy,
where all cPeaks specific to a given cell type or tissue were removed
from the training data and reserved as a held-out test set. The
remaining cPeaks were used as positive training examples, and
negative samples were randomly selected from genomic regions
without cPeaks, following the same procedure illustrated in Fig. 2a.
The CNN model was then trained from scratch on each revised
dataset (Methods).

As shown in Fig. 2c, the model consistently achieved high pre-
diction scores for distinguishing excluded cell-type/tissue-specific
cPeaks from an equal number of negative samples, achieving a mean
AUC of 91.67% across all evaluations. For instance, heart-specific
cPeaks, which represent 0.97% of all cPeaks, were effectively identi-
fied with an AUC of 94.70% after training the model on the remaining
99.03% of cPeaks. These results indicate that the CNN model can
effectively recover cPeaks that were not used during training,
including those identified in tissues or cell types excluded from the
training set.

We then assessed the robustness of the model using a leave-one-
chromosome-out evaluation (Fig. 2d). In each round, the model was
trained on all chromosomes except one, which was held out as an
independent test set. The model consistently achieved high AUC
scores (-0.95) on most held-out chromosomes, closely matching its
performance on the original test set derived from the remaining
chromosomes. When chromosome Y (chrY) was held out, the AUC
dropped slightly to ~0.90, suggesting that the relationship between
DNA sequence and chromatin accessibility on chrY may differ from
that on other chromosomes. This observation is consistent with prior
reports indicating that chrY harbors a complex repeat structure
compared to other chromosomes***°.

We further employed NeuronMotif*’ to interpret the learned
features of the CNN model (Methods). By analyzing the last convolu-
tional layer, we identified 342 TF motifs that could robustly activate at
least one neuron. Notably, motifs from the bZIP family and CTCF/
CTCFL were found to be highly influential across many neurons
(Supplementary Fig. 1i). These findings provide additional confidence
that the model captures generalizable regulatory patterns from DNA
sequence, rather than relying on dataset-specific artifacts.

To expand the cPeak set, we used the trained CNN model to scan
the entire human genome, applying a sliding window of 500 bp
across all background regions which are longer than 100 bp. This
approach assigned an accessibility score to each genomic region,
representing its probability of being a cPeak (Fig. 2e, Methods).
Regions were ranked by accessibility scores, with those scoring
highest designated as predicted cPeaks, resulting in a total of
approximately 0.28 million predicted cPeaks (Methods). We pro-
vided the complete list of cPeaks and their related information (see
Code Availability for details). In all downstream analyses, we con-
sistently used the full set of cPeaks as the reference.

To evaluate the performance of predicted cPeaks, we collected an
independent set of bulk ATAC-seq datasets from ChIP-Atlas®. After
quality control, we obtained 789 datasets covering eight cell types or
tissues: B cells, T cells, fibroblasts, brain, hippocampus, liver, lung, and
retina (Supplementary Data 2, Supplementary Fig. 1a). These datasets
were chosen to include both tissue types represented in the initial
cPeak construction and a previously unseen tissue, retina. Importantly,
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Fig. 2 | Extending cPeaks with deep learning. a The one-dimensional CNN model
for predicting whether a genomic region is a cPeak. We considered cPeaks as
positive samples and followed their length distribution to generate negative sam-
ples from background regions. b The ROC curve of the deep CNN model on test
data. ¢ The AUC for distinguishing excluded cell-type/tissue-specific cPeaks from
an equal number of negative samples after training the CNN model without the
corresponding cell-type/tissue-specific cPeaks. d The AUC for distinguishing peaks
on the original test set derived from the remaining chromosomes and for peaks on
the held-out chromosome. e Predicting cPeaks by the CNN model. We scanned all

background regions by a window of 500 bp with a stride of 250 bp. Each region was
fed into the trained model to get a predicted accessibility score. f Coverages of
different ATAC-seq data by three sets of cPeaks: the observed cPeaks based on the
initial data, the observed cPeaks plus a random set of regions from the genomic
background, and the observed cPeaks plus the predicted cPeaks. Each grey line
links the same dataset analyzed by different cPeak sets. The significant levels (p-
values) are shown, calculated by the two-sided paired Wilcoxon signed-rank test.
Source data for this figure is available in the Source Data file.

none of these datasets were used in the initial construction process,
ensuring an unbiased evaluation of predicted part. We also randomly
generated a set of background regions with lengths and numbers
matching the predicted cPeaks, referred to as random regions, to serve
as random controls for comparison.

We evaluated the coverage of observed cPeaks alone, observed
cPeaks plus random regions, and observed cPeaks plus predicted
cPeaks across the 789 datasets. We found that observed cPeaks
already covered more than 99.21% of the reported peaks for most
datasets. For retina, the mean coverage of observed cPeaks was
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Fig. 3 | Properties of cPeaks. a The enrichment of cPeaks around gene bodies. The
x-axis reflects the percentage of total length of gene body regions. The y-axis
represents the frequency of observed cPeaks on each site. b Genomic locations of
observed and predicted cPeaks. DS: downstream (<300 bp downstream of the gene
end). ¢ The inferred regulatory functions of observed and predicted cPeaks. Note
that a cPeak may have multiple inferred functions. CTCF BS: CTCF binding site.

d The distribution of accessible ratios (proportions of tissues accessible at the
cPeak location) of the observed cPeaks. We call the cPeaks with more than 0.9
accessible ratios (marked by the red box) as housekeeping cPeaks. e Genomic
locations of housekeeping cPeaks. f Top 20 pathways enriched in genes related to
housekeeping cPeaks. The 20 pathways with the smallest false discovery rates

distance from the well-positioned edge of cPeaks

distance from the well-positioned edge of cPeaks

(FDRs) are shown. g Venn plot of housekeeping cPeaks and HK-CREs. h The dis-
tribution of edge lengths of cPeaks. i Examples showing the three typical shape
patterns of cPeaks. j Positions of motifs of the top 20 well-positioned-associated
TFs. The x-axis is 300 bp around the edges of cPeaks, from closed regions to
accessible regions. Each line represents a motif, and each color represents a DNA-
binding domain type. k Positions of the enriched de novo motifs around the well-
positioned edges of cPeaks. The x-axis is +£300 bp around the edges of cPeaks, from
closed regions to accessible regions. Each line represents a motif. We colored the
top 4 motifs on the closed regions around cPeaks. Source data for this figure is
available in the Source Data file.

slightly lower at 92.23%. Adding random regions to observed
cPeaks did not significantly improve coverage, whereas incorpor-
ating predicted cPeaks significantly increased coverage across
most cell types and tissues (Fig. 2f). In previously observed tissues
or cell types, datasets with initially lower observed coverage
exhibited the greatest improvement, reducing coverage variance
among samples after the inclusion of predicted cPeaks. For the
unseen tissue, retina, the model demonstrated the most notable
enhancement, with mean coverage increasing from 92.23% to
93.95% upon adding predicted cPeaks. These results indicate that
the inclusion of predicted cPeaks enhances the ability of cPeaks to
encompass accessible regions across diverse datasets, particularly
benefiting cell types or tissues not initially represented in cPeak
construction.

Association between cPeaks with known regulatory elements
and cellular functions

We explored the associations between cPeaks and known regulatory
elements and biological functions. We first validated the regulatory
relevance of cPeaks using ChIP-seq data from ReMap 2022*® (Meth-
ods). Compared to cDHSs and CATLAS cCREs, cPeaks showed the
highest coverage of ReMap peaks (88.7%) and the strongest enrich-
ment over matched background regions (13.5-fold) (Supplementary
Fig. 2a). At the individual TF level, cPeaks also consistently out-
performed CATLAS cCREs and slightly exceeded cDHSs, confirming
their robustness in capturing regulatory elements (Supplementary
Fig. 2b). Footprint analysis also confirmed that cPeaks cover abundant
TF binding sites and can support footprint-based analyses when base-
resolution data are available (Supplementary Fig. 2c, Methods).
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By comparing observed cPeaks with genomic annotations, we
found that observed cPeaks are enriched near transcriptional start
sites (TSSs) and transcription end sites (TESs) (Fig. 3a, Methods).
Approximately 13% of observed cPeaks are localized at promoter
regions (2000 bp around TSS), while the remaining cPeaks are pri-
marily distributed at exons or distal intergenic regions (Fig. 3b,
Methods). We further collected multiple types of epigenetic annota-
tions, including histone modification and CTCF ChIP-seq data (Sup-
plementary Data 3). Using these annotations, we found that most
observed cPeaks contain or overlap with one or more regulatory ele-
ments, such as enhancers, promoters (both known and predicted),
untranslated regions (UTRs), or CTCF binding sites (CTCF BSs) (Fig. 3c,
Methods). Further genomic annotations and regulatory role inferences
for predicted cPeaks revealed properties similar to those of observed
cPeaks (Fig. 3b, c).

For each cPeak, we defined the maximum value of its shape as its
“accessible ratio” to reflect the proportion of datasets where the cPeak
is accessible. We defined a cPeak with an accessible ratio > 90% as a
“housekeeping” cPeak (Fig. 3d). Among the observed cPeaks, 24,538
(1.8%) were identified as housekeeping cPeaks. The median length of
housekeeping cPeaks was 1441bp, with most located at promoter
regions (Fig. 3e). These promoter regions overlap with 77.4% of the
promoters of housekeeping genes*® (Fisher’s exact test p-value <1 x
10°%, Methods). Besides, the proportion of housekeeping cPeaks and
the proportion of housekeeping genes across chromosomes were
strongly correlated (Supplementary Fig. 2d). Gene Ontology (GO)
enrichment analysis of genes linked to housekeeping cPeaks revealed
significant enrichment in essential biological pathways (Methods),
including ribonucleoprotein complex biogenesis, cell cycle checkpoint
signaling, and methylation (Fig. 3f). These findings align with those of a
recently published study*® which proposed a similar concept House-
keeping CREs (HK-CREs) and reported that most HK-CREs are located
in core promoters and associated with housekeeping gene-related
biological processes. We found that housekeeping cPeaks encompass
98.4% of HK-CREs, underscoring their functional relevance (Fig. 3g).

We further examined the relationship between cPeak shapes and
gene regulation. We defined the genomic region corresponding to the
maximum value of each cPeak shape as its core accessible region. The
distance from the endpoints of cPeak to the nearest boundary of the
core accessible region is defined as the edge length. This metric
reflects the consistency of accessible region boundaries across dif-
ferent cells. Smaller edge lengths indicated more consistent bound-
aries, suggesting the presence of well-positioned flanking
nucleosomes, while larger edge lengths implied weakly-positioned
flanking nucleosomes"*"*2, To ensure reliability, we filtered cPeaks with
an accessible ratio greater than 0.3. As shown in Fig. 3h, the distribu-
tion of edge lengths exhibited three clusters with boundaries at 170 bp
and 340 bp, approximately corresponding to the lengths of DNA
wrapped around one and two nucleosomes, respectively. Edges
shorter than 170 bp were categorized as well-positioned, while longer
edges were classified as weakly-positioned. Based on edge type, cPeaks
were further divided into three patterns: “well-positioned,” “asymme-
trically-positioned,” and “weakly-positioned” (Fig. 3i).

We focused on well-positioned edges as they represent more
precisely regulated regions. Two potential biological mechanisms
were hypothesized to underlie the occurrence of well-positioned
edges: the presence of specific TFBSs at the inner boundary and well-
positioned flanking nucleosomes outside the boundary. To investigate
the first hypothesis, we conducted motif enrichment analysis around
well-positioned edges to identify well-positioned-associated TFs.
These identified TFs included CTCF, BORIS, Fosl2/Fra-2, Flil, and ETS1
(Supplementary Fig. 2e, Methods). The top 20 well-positioned-
associated TFs shared common DNA-binding domains, including the
basic leucine zipper (bZIP), Zinc finger (Zf), and erythroblast trans-
formation specific (ETS) domains (Fig. 3j). Beyond the top 20, all well-

positioned-associated TFs were also enriched for additional domains,
such as homeobox and basic helix-loop-helix (bHLH) (Supplementary
Fig. 2f). The GO enrichment analysis result showed that these TFs were
related to essential biological processes, including the regulation of
transcription, cell development, and cell differentiation (Supplemen-
tary Fig. 2g, Methods). We assumed that these well-positioned-
associated TFs with these domains may possess stronger nucleo-
some remodeling capabilities. Besides, we found pioneer transcription
factors (PTFs)*>™° were enriched in these TFs with a p-value of 0.016
(Fisher’s exact test, Methods). For the second hypothesis, we per-
formed de novo motif enrichment analysis for the sequence of well-
positioned edges, identifying sequence motifs associated with well-
positioned flanking nucleosome positioning around cPeak boundaries
(Fig. 3k, Methods). Together, well-positioned edges likely arise from
the interplay of specific TFBSs and well-positioned flanking nucleo-
somes, highlighting their role in precise genomic regulation.

Most cPeaks are accessible in only a limited number of tissues or
cell types (Fig. 3d), leaving 92.62% of cPeaks with unlabeled shapes due
to low accessible ratios. To address this, we developed a neural net-
work, a modified version of the CNN model used for cPeak prediction,
to capture the DNA sequencing patterns corresponding to specific
cPeak shapes (Supplementary Fig. 2h, Methods). The network inde-
pendently predicts whether each edge of a cPeak is well-positioned
and achieved an AUC of 86.56% on the test set when trained on labeled
cPeaks. We applied the model to cPeaks with unlabeled shapes and
used the newly labeled, well-positioned cPeaks for TF enrichment
analysis. The enriched TF results from this analysis strongly aligned
with those obtained from previously labeled cPeaks (Spearman cor-
relation coefficient = 0.76) (Supplementary Fig. 2i), demonstrating the
network’s capability to classify cPeak shapes based on DNA sequence
patterns. Incorporating these predictions, we classified 312,497
(18.86%) as “well-positioned”, 366,716 (22.13%) as “asymmetrically-
positioned”, and 977,981 (59.01%) as “weakly-positioned”. These
annotations were integrated into the cPeak resource to support fur-
ther analyses and applications.

Enhancing cell type annotation of scCATAC-seq data with cPeaks
We evaluated the effectiveness of using cPeaks as a reference for
annotating scATAC-seq data, comparing it against three commonly
used approaches for defining chromatin accessibility features and two
pre-identified accessible region sets. The first approach divides the
genome into 2000 bp bins as basic chromatin accessibility feature
units™®, referred to here as “genomic bins”. The second approach
aggregates all sequenced single cells into pseudo-bulk samples and
calls peaks from these aggregates®°, referred to as “pseudo-bulk
peaks”. The third approach clusters cells based on ground-truth cell
type labels, calls peaks by combining cells within each cell type, and
then unites the peaks from all clusters together as the reference
features™’, referred to as “united peaks”. These approaches, along
with two pre-defined feature sets—cDHS and CATLAS cCREs—were
evaluated against cPeaks for their performance in cell annotation
tasks. For each approach, we tested different levels of feature selec-
tion, including all features, the top 50,000 highly variable features
(HVFs), and the top 5000 HVFs (Methods, Fig. 4a).

We used a scATAC-seq dataset of hematopoietic
differentiation’, comprising 2,034 cells and 10 cell types with FACS-
sorting labels as ground truth (Supplementary Fig. 3a). For each
approach, we generated cell-by-feature matrices, applied multiple
embedding methods for dimensionality reduction'?%#>5¢0¢! and
used the Louvain method®® for clustering and annotation (Fig. 4a,
Methods). Annotation results were assessed using Adjusted Rand
Index (ARI), Adjusted Mutual Information (AMI), and homogeneity
(H)*® (Fig. 4a, Methods). Across all evaluation metrics, cPeaks con-
sistently delivered the best or among the best performances com-
pared to the other feature-defining approaches (Fig. 4b and
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Fig. 4 | The performance of cell annotations on the FACS-sorted hematopoietic
differentiation dataset. a The analysis workflow of cell annotations. We experi-
mented with six feature-defining approaches to obtain references for generating
cell-by-feature matrices, three ways of feature selection, and seven strategies to
embed the features before clustering analysis, and used three metrics to evaluate

the results. b Comparison of Scasat’s performances with the six feature-defining
approaches and three ways of feature selection. ¢ Comparison of ArchR’s perfor-
mances with the six feature-defining approaches and different iterations. Each gray
dashed line represents the evaluation metric using cPeaks as a reference with one
iteration. Source data for this figure is available in the Source Data file.

Supplementary Fig. 3b, c). The superiority of the cPeaks became
more pronounced when using the top 5000 or top 50,000 HVFs.
Considering that the definition of cPeaks was independent of this
particular dataset, this performance demonstrates that cPeaks can
effectively serve as a robust general reference for scATAC-seq data.

To further validate the performance of cPeaks, we employed the
iterative method of ArchR*®, which employs an iterative reduction
approach to select appropriate features and refine cell embedding

results. We conducted 1, 2, and 4 rounds of iteration, comparing
cPeaks to the five other feature sets (Fig. 4a, Methods). The results
showed that cPeaks outperformed other feature sets after just one
iteration and continued to improve with additional iterations (Fig. 4c).
The findings demonstrate that cPeaks not only streamline the ArchR
analysis workflow but also provide superior results compared to other
feature sets, making cPeaks an optimal choice for cell type annotation
of scATAC-seq datasets.
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We further tested the effectiveness of cPeaks on a peripheral
blood mononuclear cell (PBMC) dataset profiled using DOGMA-seq,
referred to as PBMC-DOGMA. This dataset contains 7,623 cells anno-
tated with 8 cell types, as provided by the original study (Supple-
mentary Fig. 3d). Using the same evaluation framework, we applied the
well-performing embedding methods from the hematopoietic dataset
analysis (Supplementary Fig. 3e). The results showed that cPeaks again
outperformed the other feature sets in most conditions (Supplemen-
tary Fig. 3f, g), reinforcing the generalizability across datasets and
platforms, and demonstrating their advantage as a robust, pre-defined
feature set for scATAC-seq data analysis.

Facilitating the discovery and analysis of rare cell types

with cPeaks

An important expected advantage of using a dataset-independent
reference like cPeaks, rather than relying on dataset-specific peak
calls, is the enhanced ability to resolve low-abundance cell types in
the dataset (i.e., rare cell types). In conventional scATAC-seq work-
flows, peaks are typically called from pseudo-bulk profiles aggre-
gated across all cells. In this process, peaks specific to rare
populations are often missed due to their low abundance, leading to
information loss early in the analysis. In contrast, cPeaks are con-
structed across a wide range of tissues and cell types, not dominated
by their prevalence in any single dataset. This avoids frequency-
driven filtering and preserves many informative regions that can
distinguish rare populations. In addition, our CNN model can predict
cPeaks for unseen or masked cell types and tissues (Fig. 2c), thereby
recovering accessible regions that were not directly observed in the
training data. Together, these properties ensure that rare or missing
cell types are not overlooked in downstream analysis.

To evaluate this advantage, we analyzed a PBMC scATAC-seq
dataset (PBMC-8k) from 10x Genomics, which contains 8728 cells
(Methods). We constructed cell-by-feature matrices using five dif-
ferent references: cPeaks, cDHSs, CATLAS cCREs, 2000-bp genomic
bins, and pseudo-bulk peaks (called from the same dataset). Each
matrix underwent normalization, feature selection, and dimension-
ality reduction using standard procedures (Methods). We transferred
cell type labels from a corresponding scRNA-seq PBMC dataset
through cross-modality integration using the anchor method®* in
Seurat®. For each cell in the scATAC-seq data, we obtained an
inferred cell type with a prediction score reflecting the annotation
confidence (Supplementary Fig. 4a).

Uniform Manifold Approximation and Projection (UMAP)
visualizations showed that most feature sets successfully resolved
major cell types, including three rare subtypes: plasmacytoid den-
dritic cells (pDCs), dendritic cells, and NK bright cells, each repre-
senting less than 1% of total cells (Fig. 5a, Supplementary Fig. 4b).
Genomic bins, however, failed to separate these rare subtypes. To
quantify clustering accuracy, we calculated five metrics: the
Calinski-Harabasz index, mean cell-type Local Inverse Simpson’s
Index (cLISI), Davies-Bouldin index, balanced k-nearest neighbor
(KNN) accuracy, and mean silhouette score (Methods). cPeaks con-
sistently achieved the best or second-best performance across all
metrics (Supplementary Fig. 4c). In addition, when transferring
scRNA-seq labels to scATAC-seq data, cPeaks yielded higher predic-
tion scores than all other references (Fig. 5b), further supporting
their effectiveness in improving annotation quality.

To assess the utility of cPeaks in downstream analyses, we
examined differentially accessible regions identified using each
reference set. Taking pDCs as an example, we compared their
accessibility profiles to all other cells (Methods). We found that
cPeaks enabled the identification of slightly more differentially
accessible regions than cDHSs, and substantially more than CATLAS
cCREs and pseudo-bulk peaks. We compared the differential acces-
sible regions identified by cPeaks against pseudo-bulk peaks, and

found that many of them were specifically accessible in pDCs (Fig. 5d
and Supplementary Fig. 4d), highlighting the limitations of pseudo-
bulk peaks in detecting accessible regions for rare cell types. These
differential accessible regions were important for investigating the
functions of rare cell types. For example, we identified the promoter
region of the PTCRA gene as a pDC-specific accessible region (Fig. Se,
f). Consistently, scRNA-seq data showed that PTCRA expression was
restricted to pDCs (Fig. 5g), aligning with previous studies that
identified PTCRA as a marker of human pDCs®*%’.

We repeated this analysis on two additional PBMC datasets:
PBMC-10k from 10x Genomics (10,412 cells) and PBMC-48k*® (48,487
cells; Supplementary Fig. 5, Methods). The results were consistent:
cPeaks again ranked among the top in clustering metrics (Supple-
mentary Fig. 5c and Supplementary Fig. 5g), and enabled the identifi-
cation of comparable or more DARs compared to other references
(Supplementary Fig. 5d and Supplementary Fig. 5h). These findings
further support the robustness and generalizability of cPeaks for
facilitating the analysis of rare cell types across datasets.

We extended this analysis to rare subtypes within cell groups,
focusing on gastrointestinal (GI) epithelial cells in CATLAS®. They
included nine subtypes, four of which represented less than 2% of the
cells (Supplementary Fig. 6a). Using the same analysis procedure
(Methods), we found that CATLAS cCREs, c¢cDHSs, and 2,000-bp
genomic bins were insufficient to clearly distinguish the rare subtypes
from other epithelial cells (Supplementary Fig. 6b). In contrast, both
cPeaks and pseudo-bulk peaks enabled clearer separation of these
subtypes (Fig. 5h and Supplementary Fig. 6b), with cPeaks offering the
additional advantage of requiring no dataset-specific customization or
additional peak calling. We quantified all the five clustering accuracy
metrics and found that cPeaks outperformed the other feature sets
(Supplementary Fig. 6c). In particular, cPeaks achieved the highest
KNN accuracy in identifying each of the four rare subtypes (Supple-
mentary Fig. 6d), demonstrating its enhanced ability to resolve fine-
grained cell identity.

We further employed cPeaks to reconstruct the whole CATLAS,
which encompasses 30 adult tissue types’. CATLAS includes a pre-
defined unified feature set, CATLAS cCREs, which was derived from
pseudo-bulk peak-calling and peak integration. To evaluate cPeaks, we
performed one-round cell clustering using both cPeaks and CATLAS
cCREs as features, following the strategies in the original paper’
(Methods). We assessed the results using 30 major cell groups and 111
cell types annotated by the original paper as ground truth. Both cPeaks
and CATLAS cCREs exhibited comparable performance for the 30
major groups (Supplementary Fig. 6e).

When clustering was refined to 111 cell types, cPeaks showed
slightly superior to CATLAS cCREs on all evaluations. For example, ARI
increased by 0.03, and silhouette score increased by 0.02 (Supple-
mentary Fig. 6f). Depending on the proportion of each cell type in the
whole dataset, we categorized cell types into three parts, each with 37
cell types: extremely rare cell types (average proportion 0.1%), rare cell
types (average proportion 0.3%), and common cell types (average
proportion 1.2%) (Fig. 5i, Methods). We randomly sampled 50% of the
dataset 10 times and calculated clustering metrics for each feature set
on each subset. cPeaks consistently achieved slightly better perfor-
mance than CATLAS cCREs across most metrics in all three abundance
groups, including those with low cell numbers. Given that CATLAS
cCREs were derived from the same dataset, these results suggest that
cPeaks offer a robust and transferable feature set for analyzing diverse
cell populations, including rare subtypes.

Overall, the results demonstrated that cPeaks can simplify
scATAC-seq data processing and facilitate the discovery of rare cell
types and the analysis of their specific features, which may otherwise
be difficult to detect using other approaches. This capability reinforces
its value as a universal reference for scATAC-seq analyses, enabling
robust exploration of cellular diversity.
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Fig. 5 | Rare cell type discoveries using cPeaks as the reference. a The UMAP
plots of scRNA-seq (left) and scATAC-seq (right) in the PBMC-8k dataset, with
colors labeling the cell types of the cells. The scRNA-seq cells were assigned to their
cell labels according to gene expression, and the labels of scATAC-seq cells were
inferred using cross-modality integration. We removed one cluster of the scATAC-
seq data as cells in the cluster showed low prediction scores on average. The
ScATAC-seq data were analyzed using cPeaks. pDC: plasmacytoid dendritic cells;
NK dim: natural killer dim cells; NK bright: natural killer bright cells. b Distributions
of the prediction scores of the cross-modality integration between the scRNA-seq
data and scATAC-seq data analyzed with different reference sets. The prediction
score reflects the confidence of predicted labels. ¢ The Venn plot of the number of
differential accessible regions calculated by cPeaks and other reference sets for
pDCs. d The distribution of accessible percentages of two accessible region cate-
gories in non-pDC cells. The small panel on the top right is a zoom-in of the density
plot of regions with less than 0.05 accessible percentage in non-pDCs. eThe

chromatin accessibility in all cell types around the promoter regions of PTCRA,
measured by the sum of scATAC-seq reads of all cells of each type. f The dis-
tribution of the normalized reads aligned to the cPeak in the PTCRA promoter
region across different cell types. The reads are normalized by the frequency-
inverse document frequency (TF-IDF) method. Each dot represents a cell. g The
normalized expression of PTCRA in different cell types in scRNA-seq data. The gene
expression is normalized by the total expression in each cell and log-transformed.
h The UMAP plot of subtypes in Gl epithelial cells, clustered using cPeaks as the
reference. The colors show the cell types provided by the original paper. The black
circles mark the 4 rare cell subtypes: paneth cell, enterochromaffin cell, tuft cell and
colon epithelial cell 3. i The performance of cell clustering on different groups of
cell types, analyzed with different references. The significant levels (p-values) are
shown, calculated by the two-sided paired t-test (n =10 for each setting). Source
data for this figure is available in the Source Data file.

Investigating cell state transitions during development

with cPeaks

cPeaks were defined using the data of ATAC-seq datasets of adult
healthy samples. We investigated their usability and performance in
analyzing developmental data. We utilized a human fetal retinal
scATAC-seq dataset encompassing early (8 weeks) and late (13 weeks)
stages of retina organogenesis®* (Supplementary Fig. 7a). The late
stage included two anatomically distinct regions: the center and the
periphery of the retina. Using cPeaks as the reference, we generated
cell-by-feature matrices, applied UMAP for dimensionality reduction,
and labeled cells according to the original study (Methods).

Using cPeaks as features, we were able to reproduce the develop-
mental trajectories that had been reported in the original study, sup-
porting their utility for analyzing developmental processes despite being
constructed solely from adult samples. For early-stage cells, three devel-
opmental trajectories were observed, leading from multipotent pro-
genitor cells to horizontal cells, cones, and retinal ganglion cells (Fig. 6a).
The pseudo-time values of these cells displayed a clear progression order
in the UMAP (Fig. 6b), similar to the trend reported in the original study.
For later stages, we separately analyzed samples collected from the center
and the periphery of the retina, and the results showed clear clusters of
cell types and their transition states (Supplementary Fig. 7b, c).
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Fig. 6 | Investigating cell state transitions during development with cPeaks.
The UMAP plot of the 8-week retina scATAC-seq data colored by a cell types,

b pseudotime, and ¢ well-positioned-cPeak ratios. d Well-positioned-cPeak ratios
changed along with pseudotime. Three lineages are shown separately. The black
curve represents a smoothed trend estimated using a generalized additive model,
and the shaded area indicates the 95% confidence interval of the fitted curve.

e Well-positioned-cPeak ratios across different cell types and life stages in
scATAC-seq atlas data. Each line represents a single cell type, with colors

20
pseudotime

indicating different life stages. A total of 111 cell types were included for both fetal
and adult stages, respectively. Samples ranked by the median of well-positioned-
cPeak ratios. Cell types shared in both fetal and adult samples are linked with grey
lines. All the results are analyzed with cPeaks as the reference. MPC multipotent
progenitor cell, Npre neurogenic precursor, P/B-pre photoreceptor/bipolar pre-
cursors, CON cones, H/Apre the horizontal/amacrine precursors, HOR horizontal,
RGC ganglion cells, RGCpre RGC precursors. Source data for this figure is avail-
able in the Source Data file.
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by red dashed line. The two sub-clusters in these cells have different CNVs. All the
results are analyzed with cPeaks as the reference. ¢ Well-positioned-cPeak ratios in
the gynecologic malignancy scATAC-seq data across different tumor stages
(n;=11987, n;=3969, n;;= 8058, n;, = 6187). d Well-positioned-cPeak ratios of
malignant cells in the hepatocellular carcinoma scATAC-seq data across different
tumor stages (n,= 885, ny=2775, n;,=101). The significant levels (p-values) are
shown, calculated by the two-sided Wilcoxon signed-rank test. Source data for this
figure is available in the Source Data file.

While multiple reference sets may also capture the overall tra-
jectories (Supplementary Fig. 7d), only cPeaks provide the additional
property of being “well-positioned.” Building on our previous finding
that TFs associated with well-positioned cPeaks are significantly
enriched for GO terms related to development (Supplementary
Fig. 2g) and show substantial overlap with known pioneer TFs, we
hypothesized that well-positioned cPeaks play critical roles in cel-
lular differentiation and development. To test this, we analyzed the
accessibility dynamics of well-positioned cPeaks during develop-
ment by calculating the well-positioned-cPeak ratio in all accessible
cPeaks (Methods). The results revealed increased well-positioned-
cPeak ratio during transition periods, followed by a decrease in
accessibility at later developmental stages compared to earlier ones
(Fig. 6¢ and Supplementary Fig. 7a-c). To further support this
observation, we examined the ratio along pseudo-time in the early-
stage data and found a marked increase during cell state transition
(Fig. 6d, Methods), reinforcing the association of well-positioned
cPeaks with dynamic regulatory activity during development.

To further investigate differences in well-positioned-cPeak ratio
between fetal and adult cells, we examined two large single-cell chro-
matin accessibility datasets: a human fetal cell atlas’® and CATLAS®
(Methods). We first visualized the distribution of well-positioned-
cPeak ratios across cells in both datasets together using UMAP pro-
jections. The results showed that fetal cells generally exhibited higher
well-positioned-cPeak ratios compared to adult cells (Supplementary
Fig. 7e, f). To quantify this difference, we calculated the ratio for each
cell type. We found that for most cell types shared by fetal and adult
samples, the well-positioned-cPeak ratio consistently decreased in
adult cells relative to their fetal counterparts (Fig. 6e). These findings
underscore the association of well-positioned cPeaks with cellular
differentiation and development.

Characterizing tumor cell subtypes and tumor progression
with cPeaks

We then investigated the use of cPeaks in analyzing tumor cells. We re-
analyzed a human gynecologic malignancy scATAC-seq dataset of
74,621 cells in the endometrium or ovary of 11 treatment-naive cancer
patients®, using cPeaks as the reference (Methods). The analysis

demonstrated clear clustering of cells by type, with tumor cells from
gastrointestinal stromal tumor (GIST), endometrial cancer, and ovarian
cancer distinctly separated from normal cells (Fig. 7a and Supplemen-
tary Fig. 8a). Labeling the cells with copy number variations (CNVs)
(Fig. 7b) and the expression of cancer marker genes such as KIT, WFDC2,
and MUCI16 (Supplementary Fig. 8b) further validated these clusters.

Beyond replicating the findings from the original study, we
observed that ovarian cancer cells in sample 8 formed two distinct
clusters (Fig. 7a and Supplementary Fig. 8a). Both clusters expressed
the cancer marker WFDC2 (Supplementary Fig. 8b), but only one
cluster exhibited significant CNV enrichment (Fig. 7b). This observa-
tion suggested the presence of two subclones with distinct genomic
properties within the tumor, highlighting the potential of cPeaks to
identify subclusters in tumor cells. The generality of cPeaks as a
reference may reveal subtle cellular differences that could be missed
using dataset-derived references.

We further examined the accessibility dynamics of well-
positioned cPeaks in various tumor cells. Figure 7c highlights the
variation in the proportion of well-positioned cPeaks across tumor
stages, showing a non-monotonic trend: an initial increase followed by
a slight decrease at later stages. To validate this pattern, we analyzed
the malignant cells in an independent hepatocellular carcinoma
dataset®® and observed a similar trend (Fig. 7d and Supplementary
Fig. 8c, Methods). We thus hypothesized that well-positioned cPeaks
may reflect dynamic tumor progression.

cPeaks as a generic reference for ATAC-seq data analysis
We developed a comprehensive resource for cPeaks, including basic
information and annotations (see Methods for details). The basic
information includes cPeak IDs and genomic locations, while the
annotations describe the housekeeping status and shape patterns.
To enhance usability, we linked cPeaks with the other widely used
accessible region sets and regulatory databases, namely cDHS,
CATLAS cCREs’, and ReMap**7°, offering relevant information about
regulatory vocabularies, cell-type specificity, and binding TFs
(Methods).

To facilitate the practical application of cPeaks, we developed
multiple computational interfaces that integrate with existing sCATAC-
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seq analysis platforms. Specifically, cPeaks have been incorporated
into SnapATAC2” and ArchR*, two widely used packages for single-
cell epigenomics analysis. SnapATAC2, implemented in Python, sup-
ports efficient construction of cell-by-feature matrices, where cPeaks
serve as a standardized reference, enabling consistent feature selec-
tion across datasets. In ArchR, an R-based platform, cPeaks can replace
default peak or bin sets to generate a cell-by-feature matrix. Both
platforms allow for the direct integration of cPeaks into their work-
flows, streamlining the analysis of chromatin accessibility in single-cell
datasets.

In addition to these platform-specific integrations, we provide a
standalone Python script for researchers requiring additional flex-
ibility in their workflows. This script enables the transformation of
fragment files into cPeaks-based data matrices and the transformation
of cell-by-peak matrices into cell-by-cPeak matrices, offering a
straightforward method to incorporate cPeaks into custom pipelines.

By integrating cPeaks into established analysis platforms and
offering flexible standalone solutions, we provide a robust framework
for analyzing scATAC-seq data. Comprehensive documentation,
tutorials, and code examples for all tools are available at https://
mengqiuchen.github.io/cPeaks/Tutorials.

Discussion

SscCATAC-seq generates large, sparse datasets from thousands of cells,
where direct peak calling on each cell is infeasible. Combining cells
into pseudo-bulk samples can compromise single-cell resolution and
obscure rare cell features. The scale of scATAC-seq also makes feature
integration labor-intensive. A reference set can help address these
challenges by reducing dependence on pseudo-bulk methods, pre-
serving single-cell details, and providing a consistent framework for
integrating data across studies.

In this study, we identified a shared set of potential chromatin
accessible regions across different cell types, offering a useful resource
for improving scATAC-seq analysis. Through merging the peaks from
multiple bulk ATAC-seq datasets, we established the concept of con-
sensus peaks (cPeaks), and constructed a reference set comprising 1.4
million observed cPeaks. To expand the reference to accommodate
unseen cell types with unique accessible regions, we developed a deep
CNN model to predict cPeaks from DNA sequence patterns and iden-
tified 0.28 million predicted cPeaks. Together, these observed and
predicted cPeaks constitute a reference for chromatin accessibility.
The consistent shapes, genomic localization, and predictability of
cPeaks across diverse cell types and experimental conditions suggest
that cPeaks represent an inherent feature of the genome.

We conducted a series of experiments to validate the effec-
tiveness and advantages of cPeaks as a generic reference for scATAC-
seq data analyses. The results demonstrated that cPeaks perform on
par with or surpass the best existing approaches in key downstream
tasks such as cell type annotation. Notably, cPeaks exhibited superior
sensitivity in identifying rare cell types or subtypes from scATAC-seq
data. Furthermore, the cPeaks derived from healthy adult samples
proved to be effective when applied to data from early develop-
mental stages and cancers.

By categorizing cPeaks based on their shapes, we found that the
proportion of well-positioned cPeaks among all accessible cPeaks
exhibits dynamic changes during both development and tumor pro-
gression. During retinal organogenesis, this ratio increases at transi-
tional stages and declines in later developmental stages. Similarly, in
tumor progression, the ratio rises from early to intermediate stages
and slightly decreases at later stages. We hypothesize that well-
positioned cPeaks may play an important role during cell state tran-
sitions, such as during lineage differentiation or progression from low-
to high-malignant tumor cells. These findings highlight the potential of
well-positioned cPeaks to reflect dynamic regulatory states across
development and disease, and demonstrate the utility of a unified

cPeak reference for consistent, cross-context analysis of chromatin
accessibility landscapes.

The success of cPeaks as a generic, data-independent reference
across diverse tasks underscores the existence of a shared set of
accessible regions in the human genome across different cell types. We
propose that future ATAC-seq or scATAC-seq data can be analyzed by
first aligning the sequencing reads to cPeaks. This approach positions
cPeaks as analogous to the transcriptome reference in scRNA-seq
analysis, enabling standardized and uniform data comparison and
integration across studies. Reads that do not align to cPeaks can be
further investigated through specialized analyses to further identify
unique accessible regions and their associated functions, and these
regions can subsequently be incorporated into cPeaks, continuously
improving its coverage and utility.

Currently, the emergence of foundation models based on
transcriptions has significantly advanced our understanding of gene
regulation and cell behaviors™. Similarly, establishing foundation
models for chromatin accessibility data is crucial. A major challenge
lies in the lack of standardized features across datasets. The intro-
duction of cPeaks provides a groundwork for the development of
foundation models on chromatin accessibility data and even multi-
omics data.

We acknowledge that the set of cPeaks we built in this work is only
an initial version based on the currently available data. There is sub-
stantial room for refinement in defining and annotating cPeaks, and in
uncovering their regulatory roles. For instance, improving the pre-
diction approach to better capture precise peak boundaries will be an
important step toward enhancing the accuracy of cPeak definition.
Extending the cPeaks framework to other species and studying con-
served chromatin accessibility signatures could provide valuable
insights into the evolution of regulatory elements over time. We
envision that cPeaks will promote our understanding of chromatin
accessibility and its role in gene regulation by enhancing the analysis
and interpretation of scATAC-seq data.

Methods

cPeaks generation

Collecting ATAC-seq data for cPeak generation. We collected bulk
ATAC-seq data from ENCODE* and ATACdb*, focusing on datasets
from healthy adult samples with more than 10,000 pre-identified
peaks. For each dataset, we excluded peaks on chromosome Y
(ChrY) if fewer than 20 ChrY peaks were identified, retaining the
remaining peaks for further analysis. For datasets from ATACdb
originally generated by the hgl9 reference, we used CrossMap”
(version 0.6.5) to convert peak positions to the hg38 reference.
Peaks that underwent length changes during the conversion were
excluded for further analysis.

Defining merged peaks. Merged peaks were generated by joining
overlapping peaks across datasets. To leverage the high-quality data-
sets from ENCODE and the broad cell type coverage of ATACdb, we
generated merged peaks for ENCODE and ATACdb separately. The
final merged peaks consisted of two parts: all ENCODE merged peaks,
and all ATACdb merged peaks that were not overlapped with any
ENCODE merged peak.

Defining shapes of merged peaks. For each position within a merged
peak, we calculated an accessible score, defined as the normalized
proportion of datasets in which the position was covered by peaks,
reflecting its accessibility across datasets. These accessible scores were
arranged sequentially along the 5-to-3’ direction of the merged peak,
forming a continuous profile that we referred to as the “cPeak shape”.
This shape captures the distribution of accessibility across the peak,
providing a detailed representation of both consistent and variable
accessibility patterns across datasets. When defining shapes of merged
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peaks on ChrY, we accounted only for the number of datasets retaining
ChrY as the denominator.

Evaluating the consistency of peak shapes. We assessed the con-
sistency of merged peak shapes across various biological and technical
conditions. For evaluating different tissue types, we divided the
ENCODE bulk ATAC-seq datasets into two groups based on tissue
origin: 48 datasets from blood and 101 from solid tissues (e.g., lung,
heart, brain). We applied the same merging procedure independently
to each group. For evaluating different peak-calling parameters, we
generated merged peaks separately from ENCODE and ATACdb data-
sets, These datasets were processed using MACS2*® with different
peak-calling parameters. For evaluating different sequencing tech-
nologies, we analyzed merged peaks generated by all ENCODE bulk
ATAC-seq samples with merged peaks generated by 733 DNase-seq
samples used for generating for cDHS*® (downloaded from https://
www.encodeproject.org/annotations/ENCSR857UZV/). For evaluating
different peak-calling methods, we compared merged peaks generated
by all ENCODE bulk ATAC-seq samples with merged peaks generated
by a 10x Genomics scATAC-seq sample, which used MACS2*® and
CellRanger” for peak calling, respectively. The samples were down-
loaded from https://www.10xgenomics.com/datasets/10k-human-
pbmcs-atac-v2-chromium-controller-2-standard. We first clustered
the single cells into 17 groups, constructed pseudo-bulk samples for
each group, and then performed peak calling followed by merging to
obtain the merged peak set.

We selected merged peaks derived from each approach with a
shape maximum greater than 0.3 for further analysis. In each com-
parison, we designated a baseline group and a comparison group, and
focused on the shared merged peaks between them. For tissue-type-
based evaluation, peaks generated from blood samples served as the
baseline group, and those from solid tissues as the comparison group.
For all other evaluations, ENCODE-derived peaks were used as the
baseline group.

To assess shape similarity, we used the genomic window defined
by merged peaks generated from all ENCODE bulk ATAC-seq samples
as a reference. The shape profile of each peak was aligned to this
reference window, with excess regions trimmed and shorter peaks
zero-padded to ensure comparability. We then treated the base-
pair-level signal values across the aligned window as observations
and calculated the PCC to quantify similarity (Methods, Supple-
mentary Fig. 1b).

To evaluate the significance of the observed PCC values, we
introduced two negative control groups (Supplementary Fig. 1b). In
the shuffled control, peaks from one group were randomly paired with
peaks from the other group, aligned by center, and their lengths were
adjusted as above before calculating PCC. This control captures the
background similarity expected from unrelated genomic regions. In
the shifted control, each peak was displaced 250 bp downstream
relative to its partner before PCC calculation, and their lengths were
adjusted as above before calculating PCC. These two complementary
baselines allowed us to evaluate whether observed PCC values for
paired peaks were significantly higher than expected by chance or
misalignment.

Empirical p-values were calculated by comparing each observed
PCC to the corresponding null distribution. Specifically, we defined the
empirical p-value as the proportion of shuffled or shifted control PCC
values greater than or equal to the observed PCC.

For evaluating shape consistency on the set of observed cPeaks,
we used the observed cPeaks to define the reference genomic windows
for length unification. All other procedures remained the same as
described above.

Generation of cPeaks from merged peaks. We used the Hartigan’s
dip test” (the “dip.test” function in the diptest package (version

0.76-0) in R) to measure the multimodality of merged peak shapes.
We defined merged peaks with p-values less than 0.1 as multimodal
ones. These multimodal peaks were then split into multiple unimodal
peaks based on their shapes. For each position within a multimodal
peak, we calculated the number of datasets where it was accessible
and created an equivalent number of tuples. The first dimension of
each tuple corresponds to the position, while the second dimension
is a value randomly sampled from a standard normal distribution. In
this way, we transformed the shape of each peak into a point cloud in
a two-dimensional space. Then, we performed Hierarchical Density-
Based Spatial Clustering of Applications with Noise (HDBSCAN)” to
cluster the point cloud using the “hdbscan” function in the dbscan
package (version v1.1-11) in R with variable minimum size of clusters
(minPts) set as the number of points divided by the merged peak
length, multiplied by 50. We used the cluster ID calculated by
HDBSCAN to split the merged peak into several separate regions. For
each separated region, we decreased the value of minPts by 5 and
repeatedly performed clustering and splitting until all separated
regions were unimodal or achieved the minimum length of 800 bp.
After, all the separated regions were regarded as cPeaks generated
from the multimodal merged peak.

Assessing the availability of cPeaks as a chromatin accessibility
reference

To analyze the distribution of sequencing reads around cPeak centers,
we aligned the centers of all cPeaks and collected reads mapped within
+1000 bp of these centers to generate an aggregated distribution. The
frequency of read counts at each position was calculated and nor-
malized by dividing it by the total number of aggregated reads.

For comparing cPeaks with cDHS in terms of coverage over ATAC-
seq accessible regions, we downloaded DNase-seq and ATAC-seq data
of GM12878 from the ChIP-Atlas website*’. To ensure objectivity and
avoid selection bias, we investigated all available DNase-seq and ATAC-
seq datasets for GMI12878 in H. sapiens (hg38) from the ChIP-Atlas
database. Data files were filtered by setting the “significant” parameter
to 50 and restricting peak numbers to between 30,000 and 100,000. A
total of 65 datasets were obtained, comprising 62 ATAC-seq datasets
and 3 DNase-seq datasets.

Due to the limited number of high-quality, comparable DNase-
seq/ATAC-seq datasets for the same cell type, constructing well-
matched pairs was not straightforward. To ensure objectivity, we
paired each DNase-seq dataset with the ATAC-seq dataset that had
the closest number of peaks, without any manual selection. This
resulted in three unbiased DNase-ATAC pairs: SRX5766093 &
SRX069089, SRX7124440 & SRX069213, and SRX5766134 &
SRX069213. Within each pair, regions uniquely identified by ATAC-
seq or DNase-seq were defined as ATAC-seq- or DNase-seq-specific
accessible regions, respectively.

The typical mapping rate reported in the technical reports of 10x
Genomics can be found at https://cf.10xgenomics.com/samples/cell-
atac/2.1.0/10k_pbmc_ATACv2_nextgem_Chromium_X/10k_pbmc_
ATACV2_nextgem_Chromium_X_web_summary.html and https://cf.
10xgenomics.com/samples/cell-atac/2.1.0/10k_pbmc_ATACv2_
nextgem_Chromium_Controller/10k_pbmc_ATACv2 nextgem_
Chromium_Controller web_summary.html.

Expanding cPeaks through deep learning

Model architecture. The architecture of the deep CNN model was
modified based on scBasset*, a one-dimensional (1ID) CNN that inclu-
ded six 1D convolutional blocks followed by two linear blocks. Each
convolutional block includes a 1D convolution layer, batch normal-
ization, dropout, max pooling, and GELU activation function, while
each linear block consists of a linear layer, batch normalization,
dropout, and GELU activation function. The convolutional layers have
288, 323,362,406, 456, and 512 kernels, with kernel sizes of 17, 5,5, 5, 5,
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and 5, respectively. The final convolutional output of 5,120 dimensions
is reduced to 32 through a linear layer, and then to 2 dimensions by
another linear layer, enabling binary classification. A softmax activa-
tion function is applied at the final layer to generate class probabilities.

Generation of samples. Observed cPeaks shorter than 100 bp were
filtered out, and longer cPeaks were chunked into segments of
2000 bp, defining the positive samples. Using the “bedtools shuffle”
function from BEDTools version 2.31.17%, the positions of these positive
samples were randomized across the human genome, avoiding
blacklist regions, to create the negative samples. The “bedtools nuc”
function’® was applied to compute the nucleotide composition of the
genomic positions corresponding to both sample types, excluding any
samples containing ‘N’. The remaining samples were converted into
their respective base sequences for further analysis.

Model training. The sequences of cPeaks (positive samples) and
negative samples were encoded using one-hot encoding. Their
reverse-complement sequences were also included in the training
process with the corresponding labels to enhance model robustness.
The data was randomly split into training, validation, and test datasets
in an 811 ratio. The model was trained to classify the samples,
assigning positive samples a label of 1 and negative samples a label of
0. The Adam optimizer was used with a learning rate of 0.001 and a
binary cross-entropy loss (BCELoss) function (1):

1 N
L=~ ilogpi+(1-y,)log(1-p,)] @
i=1

Where N is the number of samples, y; € {0, 1} is the ground truth label
of the i-th sample, and p; is its predicted probability of class 1 (i.e., is a
cPeak). This formulation enables a consistent label structure between
training and testing, which makes the model easily extensible to new,
unseen tissues or cell types. Training was performed in batches of size
64. Early stopping was applied based on an increase in validation loss,
and performance was evaluated on the test dataset.

Evaluating model’s performance in predicting missing cPeaks. For
each cell type or tissue, we masked its specific cPeaks, treating the
remaining cPeaks as positive samples. Negative samples were gener-
ated from background regions, including those corresponding to the
masked cell type or tissue-specific cPeak regions, to simulate their
absence. After preparing the positive and negative samples, we trained
the CNN model and used it to predict the accessibility scores of the
“lost” cell type or tissue-specific cPeaks.

Determination of the threshold for predicting additional cPeaks.
Building on the masking experiments described above, where cell
type- or tissue-specific cPeaks were withheld and then predicted by
the CNN, we used the resulting score distributions to derive a decision
threshold. Because the masked regions are genuine positives, their
predicted scores were typically concentrated near 1. For each masking
experiment, we examined the histogram of predicted scores and
identified an elbow point (the value at which the frequency of scores
began to rise sharply). This procedure was repeated for every masked
cell type or tissue, and the resulting elbow points were averaged to
yield a unified threshold of 0.872. This threshold was then applied to
classify additional predicted cPeaks.

Evaluating the model's performance by leaving one
chromosome out. We first generated the full set of positive and
negative samples across the genome. For each held-out chromosome,
we removed all samples (both cPeaks and background regions) located
on that chromosome and used the remaining samples for model

training. The samples from the held-out chromosome were reserved as
an additional independent test set to evaluate generalizability.

Interpreting the model with NeuronMotif. To interpret sequence
patterns learned by the CNN model, we employed NeuronMotif*” to
analyze the last convolutional layer of the trained CNN model. Using
default parameters, we identified sequence motifs that activated each
neuron and aligned them to known TF motifs in the HOCOMOCO vi1
database’” using TOMTOM®, A motif was considered associated with a
neuron if it matched with a g-value < 0.05. We then calculated, for each
TF motif, the proportion of neurons it activated and its average fre-
quency across neurons.

Predicting additional cPeaks. The trained model was subsequently
used to predict additional cPeaks. Candidate sequences were gen-
erated by sliding a 500 bp window with a 250 bp stride across
background regions, excluding regions on chrX, chrY, or shorter
than 100 bp. These candidate sequences were fed into the trained
model to compute accessibility scores, and sequences with scores
exceeding the threshold defined by the mean elbow point were
selected as predicted cPeaks. Importantly, the CNN model was
trained only once using the observed cPeaks, and the predicted
cPeaks were not fed back into the training data. This one-pass design
was intentionally adopted to prevent potential error accumulation
from iterative retraining, which could amplify boundary noise due to
the fixed-window prediction scheme.

Predicting cPeak shapes. The base sequence corresponding to the
genomic positions of cPeaks was used as input, with shape categories
at each endpoint serving as labels. To ensure label balance, we inclu-
ded all well-positioned samples and randomly selected an equal
number of weakly-positioned ones. The CNN model used the same
architecture as before, excluding the final activation function. Input
sequences were one-hot encoded, and the data were split into training,
validation, and test sets in an 8:1:1 ratio. The network was trained using
the AdamW optimizer and BCELoss criterion, with a batch size of 128
and a learning rate of 0.001. Early stopping was employed when vali-
dation loss increased, and performance was assessed on the test set.
Using the trained CNN, we predicted the shape categories of all unla-
beled cPeaks. Outputs for each endpoint were plotted across the
genome, and a kernel density estimate (KDE) plot was generated. A
threshold was determined based on the trough between two peaks in
the KDE plot. This threshold was applied to classify the shape cate-
gories of all cPeaks, including predicted cPeaks.

Annotating cPeaks

Comparison between cPeaks and ReMap ChlIP-seq peaks. We
downloaded the non-redundant peak set of ReMap 2022* from
https://remap.univ-amu.fr/storage/remap2022/hg38/MACS2/
remap2022_nr_macs2_hg38 v1_0.bed.gz. We compared three chroma-
tin accessibility references (cPeaks, cDHSs, and CATLAS cCREs) by
calculating the proportion of ReMap peaks they overlapped. To assess
enrichment beyond random expectation, we generated background
peak sets for each reference: for each reference, we randomly sampled
the same number of peaks, with the same length distribution, from the
genome after excluding blacklist regions and the original reference
peaks. We then computed overlaps between ReMap peaks and both
the reference and its background. Fold enrichment was calculated as
the ratio of overlap with the true reference versus its background.
Additionally, to examine overlap specificity at the TF level, we calcu-
lated the percentage of each individual TF’s ReMap peaks that over-
lapped with each reference.

Footprinting analysis. To illustrate the presence of transcription
factor (TF) binding sites within observed cPeaks, we used
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TOBIAS™ to analyze bulk ATAC-seq BAM files from a classical
study®®. We used the GMI12878 sample as an example, down-
loaded from the Gene Expression Omnibus (GEO) database under
accession code GSE47753. We selected the canonical motifs CTCF
and BATF as representative examples, and TF-footprinting ana-
lysis was performed within the accessible chromatin regions
defined by cPeaks on chromosome 4.

Genomic annotations of cPeaks. We used the ChIPSeeker package®
(version 1.35.1) to annotate cPeaks with genomic annotations. We
used the “plotPeakProf2” function to compare the observed cPeaks
with genomic annotations of transcriptional start sites (TSSs) and
transcriptional end sites (TESs). We discretized the genomic region
into 800 bins and using transcript annotations (TxDb) to map the
cPeaks to TSSs and TESs. Then, we defined the promoter region as
+2000 bp around TSS and annotated cPeaks using the “annotate-
Peak” function. The annotation database was EnsDb.hg38.v86
provided by the ensembldb package”. ChIPSeeker categorized
cPeaks into seven types: promoter, 5 UTR, 3’ UTR, exon, intron,
downstream (<300 bp downstream of the gene end), and distal
intergenic regions.

Inferring regulatory roles of cPeaks. We categorized cPeaks based
on their overlap with genomic and epigenetic features. cPeaks
overlapping any gene promoter region were defined as known pro-
moters, while those overlapping 3’ UTRs were annotated as UTRs. To
identify cPeaks associated with CTCF binding sites, we analyzed 210
CTCF ChIP-seq data from ENCODE* and classified cPeaks over-
lapping any CTCF ChIP-seq signals as CTCF binding sites. Histone
modification data from ENCODE*® were also incorporated, using
their called peaks as signals. cPeaks overlapping H3K4Mel signals
were predicted as enhancers, while cPeaks overlapping
H3K4Me3 signals but not overlapping known promoter regions were
categorized as predicted promoters.

Annotating housekeeping cPeaks. We used a pre-defined house-
keeping geneset*’, downloaded from https://www.tau.ac.il/~elieis/
HKG/HK genes.txt. A contingency table was constructed to quantify
the number of housekeeping and non-housekeeping genes associated
with housekeeping and non-housekeeping cPeaks, considering only
protein-coding genes. We used Fisher’s exact test to calculate the
significance of the contingency table. For housekeeping cPeaks
annotated as known promoters, the associated genes were defined as
those driven by these promoters. Functional enrichment analysis of
GO biological process terms was performed on these genes using the
“enrichGO” function in the ChIPSeeker package®. Enriched pathways
were further summarized using the “simplify” function in the cluster-
Profiler package®’.

Motif enrichment analysis. Only the endpoints of unimodal peaks
were selected for this analysis. We extracted the 200 bp sequences
from the inner sides of the cPeak endpoints. We used “findMotifs-
Genome.pl” in Homer to perform motif enrichment analysis, with
sequences derived from well-positioned edges as the experimental
group and those from weakly-positioned edges as the background. We
used “annotation.pl” in Homer to annotate the enriched motifs®. A
KDE plot was generated using seaborn.kdeplot® to visualize the dis-
tribution of motifs around the endpoints. We filtered TFs associated
with the enriched motifs with an adjusted p-value of less than 0.1 for
domain and GO enrichment analysis. We used the enrichR library® for
enrichment analysis. For GO enrichment, we used the GO _Biological_-
Process_2023 database®® and applied an adjusted p-value threshold of
le-5. Subsequently, we clustered the enriched GO terms using the
“GO_similarity” function in the “simplifyEnrichment” library*’ to group
similar terms.

Enrichment of PTFs. We first gathered 32 known PTFs from the
literature™, including FOXAIL, FOXA2, FOXA3, GATA1, GATA2, GATA3,
GATAA4, CEBPA, CEBPB, ESRRB, POUSF1, KLF4, NEUROD1, TP53, FOS,
FOSL1, FOSL2, MAFG, MAFF, MAFK, JUN, JUNB, JUND, ATF2, ATF3,
ATF4, ATF6, ATF7, SPI1, ASCL1, HNF1A, and PU.l. We then cross-
referenced the 440 TFs in the Homer database®® against this list and
identified 25 PTFs. Among these, 22 were significantly enriched
(adjusted p-value < 0.1). For the remaining TFs that were not classified
as PTFs, 269 displayed significant enrichment. Fisher’s exact test yiel-
ded a p-value of 0.016, demonstrating a significant association
between the PTFs and the well-positioned-associated TFs.

de novo motif enrichment analysis. We extended the regions
+200 bp around the endpoints of well-positioned edges in unimodal
cPeaks to create the experimental group. Using Homer’s “findMotifs-
Genome.pl” function®?, we performed de novo motif discovery on the
experimental group, with randomly sampled regions serving as the
background. The de novo motifs were then scanned across the end-
points of the unimodal cPeaks using Homer’s “annotation.pl” function
to annotate their occurrences.

Evaluating the cell type annotation performance of cPeaks
Data preprocessing. We obtained BAM files for the FACS-sorting
hematological differentiation scATAC-seq data from https://github.
com/pinellolab/scATAC-benchmarking/tree/master/Real_Data/
Buenrostro_2018/input/sc-bams_nodup, which was provided by a
benchmark study®. The dataset included 2034 cells and 10 cell types
with the hgl9 reference genome. We obtained fragment files for the
PBMC-DOGMA dataset from the GEO database under accession code
GSE156478. The dataset included 7623 cells and 8 cell types with the
hg38 reference genome. The cell type label was obtained from the
original study**.

We generated cell-by-feature matrices using six feature sets:
genomic bins, pseudo-bulk peaks, united peaks, cPeaks, cDHSs, and
CATLAS cCREs. Each feature set provided genomic regions defined as
accessible regions. For genomic bins, the genome was divided into
fixed-length 2000 bp bins, each treated as a feature.

For pseudo-bulk peaks of the hematopoietic dataset, we used the
pre-defined peaks of the original study’ from the GEO database under
accession code GSE96769, where peaks were called on all aggregated
cells using MACS2%. United peaks were derived from the peak set
provided by the benchmark study®® from https://github.com/
pinellolab/scATAC-benchmarking/blob/master/Real_Data/
Buenrostro_2018/input/combined.sorted.merged.bed. For pseudo-
bulk peaks of the PBMC-DOGMA dataset, we obtained the pseudo-
bulk peaks from the original study. We generated the united peaks of
this dataset by calling the pseudo-bulk peaks for each cell type, and
merged all the peaks as the united peaks.

For cPeaks, we excluded housekeeping cPeaks and extra-long
cPeaks (> 2,000 bp), and converted the cPeaks from hg38 to hgl9
using CrossMap’® for the hematopoietic dataset. For cDHSs, we
downloaded the hgl9 version from https://zenodo.org/records/
3838751/files/DHS_Index_and_Vocabulary_hgl9 WM20190703.txt.gz,
and the hg38 version from https://zenodo.org/records/3838751/files/
DHS _Index_and_Vocabulary_hg38 WM20190703.txt.gz. For CATLAS
cCREs, we retrieved the hg38 version from http://catlas.org/catlas_
downloads/humantissues/cCRE_hg38.tsv.gz and converted it to hgl9
using CrossMap for the hematopoietic dataset.

For each cell in the hematopoietic dataset, sequencing reads in
the BAM file were mapped to the corresponding feature set, and the
number of reads overlapping each feature was counted as chromatin
accessibility. The chromatin accessibility values across all features and
cells were compiled into a cell-by-feature matrix for downstream
analyses. For each cell in the PBMC-DOGMA dataset, we mapped each
fragment to the reference to obtain a cell-by-feature matrix.
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Selecting HVFs. We first applied TF-IDF transformation to normalize
the cell-by-feature matrix. We then calculated the variance of each
feature across all cells after normalization. We sorted the features by
their variance and selected the top features as HVFs. We selected 5000
and 50,000 HVFs for the hematopoietic dataset, respectively, and
selected 5000 and 10,000 HVFs for the PBMC-DOGMA dataset,
respectively, as the number of pseudo-bulk peaks of the PBMC-
DOGMA dataset is less than that of the hematopoietic dataset.

Embedding methods for cell representations. We utilized various
embedding methods to process cell-by-feature matrices.
ForChromVAR-motif*’, we used the ChromVAR package (version
1.16.0) in R, adjusted for GC bias, resized features to 500 bp, and
matched motifs from the JASPAR database®® using the “matchMotifs”
function. The resulting cell-by-motif matrix was transformed into a
cell-by-deviation Z-score matrix via “computeDeviations” in Chrom-
VAR. ChromVAR-motif-PCA extended this method by performing
principal component analysis (PCA) on the deviation matrix and
selecting the top 10 principal components (PCs) for the final embed-
ding. For ChromVAR-kmer, instead of motifs, we used 6-mers as fea-
tures with the “matchKmers” function in ChromVAR, generating a cell-
by-kmer deviation Z-score matrix. ChromVAR-kmer-PCA followed the
same steps but added PCA to select the top 10 PCs. cisTopic® (version
0.3.0) in R applied latent Dirichlet allocation (LDA) on the cell-by-
feature matrix using the “runCGSModels” function, generating models
with varying topic numbers as 10, 20, 25, 30, 35, and 40. The best
model was selected using “selectModel”, and the final cell-by-topic
probability matrix was normalized via “modelMatSelection” with
“method = probability”. Scasat® computed cell-cell Jaccard distances
from the cell-by-feature matrix and reduced dimensions to 15 via
multidimensional scaling (MDS). Signac® used Seurat (v4.3.0)* to
create a cell-by-feature matrix, applied TF-IDF transformation, and
performed latent semantic indexing (LSI) via SVD, retaining PCs 2-50
for reduced dimensions. SnapATAC2" generated a cell-by-cPeaks
matrix using “snapatac2.pp.make_peak_matrix” and reduced dimen-
sions with “snapatac2.tl.spectral”. Neighbor graphs and cell clusters
were computed using “snapatac2.pp.knn” and “snapatac2.tl.leiden”,
respectively, yielding 10 cell types. TF-IDF-PCA**° filtered sex chro-
mosome features, applied TF-IDF transformation, and performed SVD
to select the top 50 PCs as embedding features. ArchR*® used cPeaks as
features, reduced dimensions via “addlterativeLSI”, and identified 10
cell types using “addClusters”, with iterations set to 1, 2, and 4 for
comparison.

Evaluation. After embedding, we performed Louvain clustering® with
the number of clusters set equal to the number of FACS-sorted labels.
The clustering results were evaluated using three metrics: Adjusted
Mutual Information (AMI), Adjusted Rand Index (ARI), and Homo-
geneity (H). All these indexes were calculated using the “sklearn.me-
trics.cluster” library in Python.

Analysis of the PBMC datasets for rare cell type discovery and
analysis

We download the fragment file of the PBMC-8k dataset from the 10x
Genomics website (https://cf.10xgenomics.com/samples/cell-atac/1.
0.1/atac_vl_pbmc_10k/atac_vl_pbmc_10k_fragments.tsv.gz). Cells
with extremely high total number of fragments may represent
doublets and were removed. We mapped all fragments to 2000-bp
genomic bins, cPeaks, cDHSs, and CATLAS cCREs, respectively, and
counted the number of fragments that overlapped with each refer-
ence peak as its accessibility. This process generated a cell-by-feature
matrix for each reference. For comparison, we downloaded the
matrix using pseudo-bulk peaks as features from the same website
(https://cf.10xgenomics.com/samples/cell-atac/1.0.1/atac_vl_pbmc_
10k/atac_vl_pbmc_10k filtered_peak_bc_matrix.h5). Then, we

followed the Signac® PBMC vignette (https://stuartlab.org/signac/
articles/pbmc_vignette.html) to preprocess these cell-by-feature
matrices separately. Low-dimensional clustering and UMAP visuali-
zation were performed using dimensions 2 - 30.

We annotated cells in the scATAC-seq data by integrating them
with a labeled PBMC scRNA-seq dataset provided by 10x Genomics.
The raw scRNA-seq data was downloaded from https://support.
10xgenomics.com/single-cell-gene-expression/datasets/3.0.0/pbmc_
10k_v3, and the pre-processed scRNA-seq Seurat object was down-
loaded from https://signac-objects.s3.amazonaws.com/pbmc_10k_v3.
rds. We utilized the “FindTransferAnchors” function in Seurat® for
cross-modality integration and used the “TransferData” function in
Seurat to infer cell type labels in the scATAC-seq dataset along with
their corresponding prediction scores. After label transformation,
cluster 18 was identified as having low prediction scores, with an
average below 0.5. This indicated that the cells in this cluster were
likely of low quality. Consequently, this cluster was excluded from
subsequent differential accessibility analyses.

To quantitatively assess the clustering performance under dif-
ferent reference peak sets, we used five metrics: Calinski-Harabasz
index, Davies-Bouldin index, mean silhouette score, balanced k-
nearest neighbor (KNN) accuracy, and mean cLISI (cell-type Local
Inverse Simpson’s Index). The Calinski-Harabasz index evaluates the
ratio of between-cluster dispersion to within-cluster dispersion; a
higher value indicates more distinct clusters. The Davies-Bouldin
index measures the average similarity between each cluster and its
most similar one; lower values imply better cluster separation. The
silhouette score reflects how well each cell fits within its assigned
cluster relative to other clusters; higher scores represent more
coherent clustering. Balanced KNN accuracy was computed using
k=10. Each cell’s predicted label was inferred from a majority vote
among its k-nearest neighbors in the PCA space (KNN accuracy).
Balanced accuracy averages accuracies across all cell types, thus
adjusting for label imbalance. Mean cLISI was used to quantify local
label purity. For each cell, cLISI measures the diversity of neighbor-
ing cell types, with lower values indicating less label mixing and purer
clusters. All metrics were calculated in the first 30 dimensions of the
LSI space generated from the TF-IDF-normalized matrix using sin-
gular value decomposition (SVD).

We performed differential accessibility analysis to find differen-
tially accessible regions in pDCs compared to other cell types. We used
“FindMarkers” in the Signac package® with test.use = “LR” and
latent.vars = “peak_region_fragments” to perform differential analysis.

The PBMC-10k dataset was downloaded from the 10x Geno-
mics  website  (https://support.10xgenomics.com/single-cell-
multiome-atac-gex/datasets/1.0.0/pbmc_granulocyte_sorted_10k).
We followed the processing steps outlined in the Seurat v5
vignette (https://satijalab.org/seurat/articles/seurat5_atacseq_
integration_vignette). As this is a multi-omics dataset, we did
not perform label transfer from scRNA-seq to scATAC-seq. Cell
type labels were directly taken from the original dataset meta-
data. The pseudo-bulk peaks were also derived from the original
dataset. We followed the same procedures used for the PBMC-8k
dataset to conduct all downstream analyses.

The PBMC-48k dataset®® was downloaded from GEO (accession
code GSE190992), containing paired scRNA-seq and scATAC-seq data.
We processed the scATAC-seq data using the ArchR pipeline®, iden-
tifying 9.08% of cells as doublets using addDoubletScores and
removing them with filterDoublets. For the scRNA-seq data, cells with
predicted.celltype.l2.score > 0.9 were retained as high-confidence
annotations. These cells were then used to transfer labels to scATAC-
seq data via the addGenelntegrationMatrix function in ArchR, which
also provides a predictedScore for each assigned label. We selected
48,487 scATAC-seq cells with a predictedScore > 0.9 for downstream
analyses, following the same procedures as for the PBMC-8k dataset.
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We found that cPeaks did not outperform other methods when
doublets were not removed (Supplementary Fig. 5i), This observation
emphasizes that rigorous data quality control is an essential step in
ensuring the reliability of analyses.

Analysis of the CATLAS dataset for rare cell type discovery and
analysis

The fragment file and metadata of CATLAS data were downloaded
from http://catlas.org/catlas_downloads/humantissues/. We first ana-
lyzed Gl epithelial cells from CATLAS?®, constructing cell-by-feature
matrices with 2000-bp genomic bins, cPeaks, cDHSs, CATLAS cCREs,
and pseudo-bulk peaks, separately. For cPeaks, we used non-
housekeeping cPeaks accessible in more than 50 cells as features.
Pseudo-bulk peaks for Gl epithelial cells were called using MACS2 with
the parameters --shift O --nomodel --call-summits --nolambda --keep-
dup all. Each matrix was preprocessed using the same steps applied to
PBMC-8k, followed by graph-based clustering and UMAP visualization
across dimensions 2 to 30. The evaluation of clustering performance
was the same as PBMC-8k.

For the analysis of the whole CATLAS, we imported 92 fragment
files from CATLAS into snapATAC2”. Using the barcodes in the
metadata download from http://catlas.org/catlas_ downloads/
humantissues/fragment/, we got 615,998 cells. Batch correction
was performed using the “snapatac2.pp.mnc_correct” function. We
used the “snapatac2.pp.select_features” function to select 500,000
features. We reduced the dimensions to 30 through the “snapa-
tac2.tl.spectral” function and generated a neighbor graph through
“snapatac2.pp.knn”. UMAP visualization was carried out using the
“snapatac2.tl.umap” function. Adjusting the resolution parameter in
“snapatac2.tl.leiden”, we identified either 30 or 111 cell clusters.

We calculated the proportion of each of the 111 cell types anno-
tated in the CATLAS paper’. Depending on the ratio, we categorized
cell types into three parts, each with 37 cell types. Based on the ranking
of cell proportions, we evenly divided these cell types into three
groups, with 37 cell types in each group. We sampled 50% from the
whole dataset for 10 times, and calculated AMI, ARI, and H for each
group, using the 111 cell type labels as ground truth, to evaluate clus-
tering performance.

Analysis of the development datasets

We retrieved the fragment files and metadata for the retinal fetal
dataset* from GEO (accession code GSE184386) and processed the
data following the filtering steps outlined in the original study. The
generation of cell-by-feature matrices, clustering, and visualizations
were conducted using the same methodology as applied to the PBMC
dataset analysis. Cell labeling was based on the provided metadata,
and all analyses were performed independently for each sample.

To quantify the well-positioned-cPeak ratio in all accessible
cPeaks, we first binarized the cell-by-feature matrices, and then
computed the normalized accessibility of all well-positioned cPeaks
which is defined as the number of accessible well-positioned cPeaks
divided by the total number of well-positioned cPeaks. To visualize
the relationship between pseudotime and the well-positioned-cPeak
ratio, we performed outlier filtering based on pseudotime values
within each cell type cluster. Specifically, cells with pseudotime
values below Q1-1.5 x IQR or above Q3 +1.5 x IQR were identified as
outliers and removed, where Q1 and Q3 denote the first and third
quartiles of pseudotime, respectively, and IQR =Q3-Ql. This IQR-
based filtering ensured a robust fit by reducing the influence of
extreme pseudotime values. We then plotted the well-positioned-
cPeak ratio along pseudotime using a smoothed curve fitted by a
generalized additive model, using the default settings of the
geom_smooth function in the ggplot2 R package.

We downloaded the human fetal cell atlas data®® from http:/
catlas.org/catlas_downloads/humantissues/fragment/. The analysis of

these data followed the same procedure as that of CATLAS data. For
visualization, we used the UMAP coordinates provided in the supple-
mentary files of the CATLAS paper’, allowing us to directly map and
compare the well-positioned-cPeak ratios across fetal and adult cell
types in a consistent embedding space.

Analysis of the tumor datasets

We downloaded the fragment files and metadata for the gynecologic
malignancy dataset® from GEO (accession code GSE173682). Cells
from all 11 patients were combined to generate a unified cell-by-feature
matrix. We followed the preprocessing steps in the original study to
filter cells. We downloaded the fragment files and metadata for the
hepatocellular carcinoma dataset® from GEO (accession code
GSE227265). We selected all samples diagnosed with hepatocellular
carcinoma that contained more than 50 malignant cells. Malignant
cells from these samples were then combined to construct a unified
cell-by-feature matrix.

The generation of the cell-by-feature matrix, clustering, and
visualizations were performed using the same methodology as applied
to the PBMC dataset analysis. We labeled each cell using labels from
the metadata file. The calculation of the well-positioned-cPeak ratio
was performed using the same methodology as applied to the retinal
fetal dataset.

The resources for cPeaks
The resource for cPeaks includes basic information and cPeak anno-
tation, organized into 14 columns:
* ID: A unique 13-character string representing each cPeak, starting
with “CP”, followed by “HS” (human), and ending with a nine-digit

number. For example, the first cPeak is encoded as
“CPHS000000001”.

* source: Indicates the origin of the cPeak, either “observed” or
“predicted”.

chr_hg38: The chromosome where this cPeak is located in the
hg38 reference genome.

start_hg38: The start position of this cPeak in the hg38 reference
genome.

end_hg38: The end position of this cPeak in the hg38 reference
genome.

housekeeping: Specifies whether the cPeak is accessible across
nearly all datasets (“TRUE” or “FALSE”).

shape_pattern: The shape pattern of the cPeak, categorized as
“well-positioned”, “asymmetrically-positioned”, or “weakly-
positioned”.

inferredElements: The inferred regulatory elements associated
with the cPeak, such as “CTCF”, “TES”, “TSS”, “Enhancer” or
“Promoter”.

chr_hgl9: The chromosome where this cPeak locates in the hg19
reference genome.

start_hg19: The start position of this cPeak in the hgl9 reference
genome.

end_hgl9: The end position of this cPeak in the hgl9 reference
genome.

* cDHSID: The ID of the overlapped cDHS region in the hg38
reference, formatted as “chr start end”.

CATLAS_ID: The ID of the overlapped CATLAS cCREs region in the
hg38 reference, formatted as “chr_start end”.

ReMap _ID: The ID of the overlapped ReMap region in the hg38
reference, formatted as “chr_start_end”.

We provide the complete list of cPeaks in https://mengqiuchen.
github.io/cPeaks/Tutorials and https://zenodo.org/records/
17799367°". In addition, we offer a dataset-level matrix recording
the presence or absence of each cPeak across all datasets analyzed in
this study, available at https://zenodo.org/records/17799367/files/
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cpeaks-by-dataset.tsv.gz. To further enhance usability for research-
ers interested in organ- or tissue-level analyses, we also aggregated
this matrix by tissue type to generate a tissue-by-cPeak matrix, which
is available at https://zenodo.org/records/17799367/files/cpeaks-by-
tissue.tsv.gz. While they do not represent a comprehensive atlas of
chromatin accessibility for all human tissues, they provide a practical
and scalable reference for both biological interpretation and com-
putational modeling.

All data analysis and visualization were performed using R
(version 4.1.3) and Python (version 3.10). Schematic illustrations and
final figure assembly and layout were completed using Adobe
Illustrator 2024.

Statistics & Reproducibility

The sample size was determined by the number of samples included in
the analyzed datasets. No selection or manual intervention was applied
to samples. Statistical analyses were conducted using standard meth-
ods implemented in R version 4.1.3. We used is two-sided statistical
tests for all related analysis. The specific methods for statistic tests
used are described in the corresponding sections of the Methods and
figure legends.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

An overview of the cPeak resource, including data structure and
download links, is provided in “The resources for cPeaks” section of
Methods. We only used public datasets in this study for constructing
the cPeak reference and analyses: the information of bulk ATAC-seq
data for cPeak generation can be found in Supplementary Data 1; the
scATAC-seq and ATAC-seq data for cPeaks evaluation can be found in
Supplementary Data 2; the data used for cPeak annotation can be
found in Supplementary Data 3; download information of all other
data used for analysis was provided in Methods. Source data are pro-
vided with this paper.

Code availability

The complete list of cPeaks and their related information as well as all
codes, including the generation of observed cPeaks, training of the
deep CNN model, all applications on scATAC-seq data, and mapping
and conversion tools for analyzing data using cPeaks, are available on
GitHub (https://github.com/MengQiuchen/cPeaks). We provided a
detailed tutorial on how to use cPeaks (https://menggiuchen.github.
io/cPeaks/Tutorials). The codes can also be downloaded from https://
zenodo.org/records/17777743%.
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