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Abstract

Single-cell assay for transposase-accessible chromatin using sequencing (scATAC-seq) profiles chromatin accessibility at cellular resolution,
making it possible to reveal epigenomic landscapes that govern gene regulation in a variety of cells. Nevertheless, heterogeneous feature spaces
and complex processing pipelines have impeded the construction of an ensemble resource capable of supporting diverse downstream analytical
scenarios. To address this gap, we present Human-scATAC-Corpus (https://health.tsinghua.edu.cn/human-scatac-corpus/), a comprehensive
database of human scATAC-seq comprising 5407 621 cells from 35 datasets across 37 tissues or cell lines. To support complementary use cases,
each dataset is distributed in three aligned formats: cell-by-candidate cis-regulatory element matrices for cross-dataset integration, raw fragment
files for flexible processing, and cell-by-peak matrices for within-dataset analyses. This resource spans diverse biological contexts and includes
rich metadata, enabling method benchmarking and development, as well as pretraining of foundation models. The website offers searchable
browsing, detailed dataset pages, on-demand downloads, and tutorials. EpiAgent, a foundation model pretrained on Human-scATAC-Corpus,
is further integrated to provide online analyses, including reference mapping, embedding extraction, and cell type annotation. Human-scATAC-
Corpus establishes a unified and scalable substrate for single-cell epigenomics and is intended to accelerate discovery while standardizing

evaluation across tasks.
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Introduction

Single-cell assay for transposase-accessible chromatin us-
ing sequencing (scATAC-seq) enables the characterization of
chromatin accessibility at the resolution of individual cells,
thereby revealing the regulatory landscape at the cellular level
[1]. In a broad range of biomedical research, including in-
vestigations of cellular heterogeneity [2], tissue differentiation
[3], and disease pathogenesis [4], scATAC-seq data have been
serving as an essential and irreplaceable resource. Recent ad-

vances in sequencing technologies have driven two major de-
velopments in this field. First, improvements in throughput
have led to the development of high-throughput techniques
such as sci-ATAC-seq [5] and sci-ATAC-seq3 [6], enabling the
construction of large-scale cell atlases spanning fetal devel-
opment [6], adult tissues [7], and the adult brain [8]. Sec-
ond, the scope of applications has been expanding, with tech-
niques such as CRISPR-sciATAC [9] and Spear-ATAC [10] in-
tegrating CRISPR-based genome editing to capture cell state
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changes under various perturbations. Indeed, the growth in
both data scale and application diversity has fueled the emer-
gence of task-specific analytical methods and the development
of foundation models trained on scATAC-seq data. However,
these efforts, whether focusing on cell-level foundation models
such as EpiAgent [11], concentrating on genome-level founda-
tion models such as GET [12], or aiming at developing task-
specific models [13-20], all require a publicly accessible, en-
semble database that encompasses the diversity of scATAC-
seq applications and tissue types.

In the single-cell field, large-scale ensemble databases al-
ready exist for other omics. For example, the scRNA-seq-
based Cell x Gene repository [21] has driven the adoption
of large-scale pretraining paradigms for transcriptomic data
[22-27]. scRNA-seq features are anchored on a shared gene
set, and thus each dataset can be represented as a cell-by-gene
matrix that supports most analytic workflows. In contrast,
scATAC-seq lacks a universal feature space. Data are typically
stored as raw fragment files or as cell-by-peak matrices whose
peak definitions differ across datasets [28]. Consequently,
no single storage format can satisfy all analytical require-
ments, and multiple data representations are often necessary.
Existing scATAC-seq ensemble resources, such as scATAC-
Ref [29], have reduced the time required for users to locate
data and facilitated the development of related methods, yet
they still present several notable limitations. First, reliance
on cell-by-peak matrices yields incompatible feature spaces
that impede joint analysis. Second, current scale is insuffi-
cient for modern pretraining regimes. Third, data modalities
and metadata are narrow, restricting the breadth and fidelity
of downstream benchmarking. Fourth, online analysis capa-
bilities are constrained, with few powerful embedded mod-
els or reusable applications applied to the hosted data. These
limitations underscore the urgent need for a comprehensive
database of scATAC-seq data that can address the above
challenges.

To facilitate research in single-cell epigenomics, we
developed Human-scATAC-Corpus (https://health.tsinghua.
edu.cn/human-scatac-corpus/), a comprehensive database of
scATAC-seq data. The current release contains 5407621
cells from 35 datasets across 37 human tissues or cell lines.
All data are provided in three complementary formats: cell-
by-candidate cis-regulatory element (cCRE) matrices for in-
tegrative multi-dataset analysis, fragment files for flexible
user-defined processing, and cell-by-peak matrices for within-
dataset analysis. The collection spans diverse biological con-
texts, enabling the use in a wide range of downstream tasks,
from method development and benchmarking to large-scale
pretraining of foundation models. Human-scATAC-Corpus
also integrates EpiAgent, a foundation model pretrained
on this resource, supporting online analyses including data
mapping to reference, cell embedding extraction, and cell
type annotation via supervised derivatives EpiAgent-B and
EpiAgent-NT. Other functionalities include user-friendly and
intuitive browsing, structured and keyword-based search, in-
depth dataset detail, on-demand download, customized tu-
torials, and interactive online analysis. We anticipate that
Human-scATAC-Corpus will provide a versatile and scal-
able resource to accelerate discoveries in single-cell epige-
nomics and advance the development of analytical meth-

ods.

Data collection and database content

Data collection

For the collection of scATAC-seq data, we implemented a
two-stage workflow consisting of literature and repository
searches followed by eligibility screening and preliminary
quality control (Fig. 1). First, we queried the PubMed database
and the Gene Expression Omnibus repository using the key-
words ‘Human’ and ‘scATAC-seq’, yielding a total of 205
published studies. For these candidate studies, we examined
whether the datasets contained scATAC-seq data derived from
healthy human samples and excluded datasets that did not
meet this criterion. Because the primary objective of our
database is to provide high-quality pretraining resources for
the foundation model, we excluded cancer and other patho-
logical conditions, as such cells may display unknown regula-
tory states that could introduce noise and reduce the reliability
of training on normal cells.

At the same time, we retained widely used benchmark
datasets, such as Buenrostro2018 [30], as well as other cells
reported in the studies that contain normal cells, to ensure that
our resource remains suitable for both method development
and benchmarking. For the studies retained after screening,
we downloaded the publicly available data and further exam-
ined whether fragment files or high-quality cell-by-peak ma-
trices were provided. Ultimately, we curated and collected 35
datasets spanning 37 tissues or cell lines. For each dataset, we
additionally recorded essential metadata, including the refer-
ence genome, tissue or cell line of origin, sequencing technol-
ogy, and PubMed identifier (PMID). We plan to update the
database every 6 months, while each update will be additive
and will not alter or remove existing data, thereby ensuring
that all previously available datasets remain accessible.

Data processing and annotation

For the Human-scATAC-Corpus, only data aligned to the ref-
erence genome GRCh38/hg38 are currently provided. Conse-
quently, the first step involves mapping data originally with
GRCh37/hg19 into GRCh38/hg38 by liftOver [31]. To facil-
itate usability and ensure accurate data retrieval, we defined
the minimal storage unit (also denoted as a sample) in Human-
scATAC-Corpus as a single tissue within a dataset. Each sam-
ple is named in the format dataset—tissue/cell line and assigned
a unique identifier (ID) for reference. At the sample level, we
also annotated their detailed information based on the avail-
able metadata.

For each sample, Human-scATAC-Corpus offers three data
formats: a cell-by-cCRE matrix, fragment files, and a cell-
by-peak matrix. The cell-by-cCRE matrix is provided for all
samples in Human-scATAC-Corpus, while the other two de-
pend on the availability of source data. Fragment files, typi-
cally stored in formats such as .tsv or .bam, and cell-by-peak
matrices, commonly stored in .h5ad or .mtx formats, are the
most frequently used data types in current scATAC-seq stud-
ies. During the processing stage, we standardized all fragment
files into a series of compressed .tsv.gz files, with each file cor-
responding to a batch. Cell-by-peak matrices were processed
into a single .h5ad file.

Since fragment files represent relatively non-processed data
and cell-by-peak matrices are dataset-specific due to non-
unified peak definitions, they are generally less suitable for
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Figure 1. Overview of data collection, data processing and annotation, and database features of Human-scATAC-Corpus.

integrative analysis across datasets. To address this, we con-
structed a unified set of ¢cCREs by merging three large-
scale datasets covering complementary tissue contexts: the
Zhang2021 [7] dataset (cCCREs from all normal human tissues
except brain), the Li2023a [8] dataset (cCCREs from brain tis-
sues), and the Lareau2019 [32] dataset (peaks from peripheral
blood mononuclear cells, PBMCs). Before merging, we filtered
out peaks longer than 1000 bp from the Lareau2019 dataset
(all features from the other two datasets had fixed lengths
<500 bp) to avoid generating excessively long peaks during
the merge. We then applied an additional filter requiring that
each retained feature be supported by at least 100 fragments
in the Human-scATAC-Corpus pretraining data, resulting in
a unified set of 1355445 cCREs.

Fragment files (or, when unavailable, a cell-by-peak ma-
trix) were then mapped to this unified cCRE set to gener-
ate a cell-by-cCRE matrix of .h5ad format, consistent with
the strategy employed in our EpiAgent study [11]. In that

work, we demonstrated that the superior performance of Epi-
Agent across multiple datasets and tasks supports the relia-
bility of the cCRE definition. Here, we further illustrated that
the unified cCRE set exhibits a high degree of overlap with
the peak or cCRE sets of the vast majority of datasets, and
evaluated the impact of using the unified cCRE set on frag-
ment mapping rates and downstream analyses with five rep-
resentative datasets [30, 33-36] (Supplementary Note S1 and
Supplementary Figs S1--S3). After mapping, we applied qual-
ity filtering by removing cells with fewer than 100 non-zero
values in the cell-by-cCRE matrix, and we ensured consistency
of cell storage across all three data formats. Sample names and
batch information were incorporated into file and barcode
prefixes, and standardized naming conventions were applied
to facilitate downstream use. Standardization and enhanced
data usability, particularly in enabling large-scale pretraining,
therefore represent core strengths of Human-scATAC-Corpus.
For this reason, we provide cell-by-cCRE matrices for all sam-
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ples to ensure consistency for pretraining tasks. In contrast,
cell-by-peak matrices are primarily intended for reproducing
results from the original publications or for benchmarking
methods on a limited number of datasets. For these cases, we
either use the cell-by-peak matrices provided by the original
studies or generate them directly from their provided peaks.
We do not perform additional peak calling for datasets where
such information is not available. Further clarifications are
provided in Supplementary Note S2.

Finally, we classified samples according to the availability
of cell-level metadata to indicate the types of tasks they sup-
port. Specifically, we designated samples for (i) self-supervised
pretraining when all cells are included, (ii) unsupervised fea-
ture extraction (also referred to as dimensionality reduction)
and supervised cell type annotation when cell type labels are
available, (iii) batch effect correction when batch labels are
provided, (iv) prediction of cell states under unseen genetic
perturbation when CRISPR-based perturbation information is
available, and (v) prediction of cell states under out-of-sample
stimulated perturbation when external stimulation labels are
included. Noted that cell type labels are generally not involved
in the training of unsupervised feature extraction methods;
rather, they are used only to evaluate whether these methods
can produce low-dimensional cell embeddings that adequately
capture cellular heterogeneity. The details of the generation,
processing, and storage of the cell-level metadata are provided
in Supplementary Note S3. To ensure interoperability, all cell-
level metadata were standardized: for cell-by-cCRE and cell-
by-peak matrices, metadata are stored in the .obs field of the
Anndata object [37], while for fragment files, metadata are
provided as separate .csv files. This design facilitates the devel-
opment and benchmarking of analytic methods across diverse
tasks (Fig. 1).

Database statistics

As of the current release, the Human-scATAC-Corpus
database contains 5407621 cells (~5.4 million), organized
into 77 samples defined by ‘dataset—tissue/cell line’ combina-
tions and encompassing nine sequencing technologies. Among
these, brain tissue accounts for the largest proportion, with
2549071 cells, representing 47.14% of the total. By data
type, the database provides cell-by-cCRE matrices for all
77 samples (covering all cells), fragment files for 68 sam-
ples (4752227 cells in total), and cell-by-peak matrices for
65 samples (4117 861 cells in total). The Human-scATAC-
Corpus database supports method development and bench-
marking for at least five types of analytic tasks: all cells can
be used for the self-supervised pretraining task; 66 samples
(5192122 cells) contain batch labels, enabling the batch ef-
fect correction task; 46 samples (3 021 043 cells) have cell type
annotations, supporting unsupervised feature extraction and
supervised cell type annotation; four samples (167 064 cells)
are suitable for cell states prediction under unseen genetic per-
turbation; and another four samples (89 723 cells) are suitable
for cell states prediction under out-of-sample stimulated per-
turbation.

Built-in foundation model

Prior databases have largely focused on data provision for
download and offline use, with little or no capacity for on-
line analysis, or only limited functionality based on simple
plug-ins. As a result, the information embedded in the data

has often been underutilized. In our study, we integrate into
the server side of the database a pretrained EpiAgent model,
trained on a subset of Human-scATAC-Corpus, together with
two supervised derivatives: EpiAgent-B for the annotation of
cells from brain tissues and EpiAgent-NT for the annotation
of cells from non-brain tissues [11]. This integration enables
users to directly perform online analyses, thereby enhancing
the accessibility and utility of the database.

Database features and applications

User-friendly browsing

We developed an intuitive web interface that hosts an unprece-
dented repository of human scATAC-seq data, empowering
users to advance research in single-cell epigenomics and to per-
form online analyses with a built-in foundation model, EpiA-
gent [11]. The Home page features interactive images of hu-
man anatomy and comprehensive statistics detailing the distri-
bution of over 5.4 million cells across file formats, tissues, and
analytical tasks, alongside related studies and databases per-
tinent to single-cell epigenomics. By clicking on the anatom-
ical image, users are directed to the Browse page, enabling
them to explore and download scATAC-seq data associated
with the corresponding tissues (Fig. 2A). At the Browse page,
the datasets are categorized in parallel by three key attributes:
tissue or cell line, dataset, and task. As shown in Fig. 2B,
Human-scATAC-Corpus provides an interactive metadata ta-
ble, a visualized UMAP projection from cell embeddings gen-
erated by EpiAgent, and comprehensive statistics for meta-
data. The metadata table presents basic information for each
sample, including tissue, organ, PMID, hyperlinks to source
data and publication, sequencing technology, and raw data
type. Users can directly download the cell-by-peak matrix,
cell-by-cCRE matrix, and fragment files via clickable icons in
the table. Each sample is also assigned an interactive unique
ID that directs to a new webpage with detailed sample in-
formation. The UMAP visualization displays up to 100000
sampled cells of the selected item, labelled by cell type, batch,
or donor, with interactive label switching. The statistics com-
prise pie charts illustrating the distribution of cell counts by
sequencing technology, raw data type, tissue, and dataset. De-
tailed usage instructions for the website are available on the
Tutorial page. In addition, we provide a case study to guide
users on how to search, browse, and download data of inter-
est through the website (Supplementary Fig. $4). We also pro-
vide a schematic illustrating the complete pipeline, including
data collection, data standardization, data generation, submis-
sion to the inference interface (EpiAgent), and result down-
load (Supplementary Fig. S5).

Detailed information

Detailed information for each sample selected from the
Browse or Search page is compiled and presented on a dedi-
cated webpage, with each sample ID linked to its correspond-
ing Detail page. The Detail page encompasses comprehen-
sive metadata for the selected sample, including sample name,
dataset, tissue, downstream task, raw data type, organ, se-
quencing technology, number of cells, number of cell types,
number of batches, as well as links to the source data (e.g.
NCBI [38], BioStudies [39]) and related publication (Fig. 2C).
An interactive UMAP projection of cell embeddings generated
from EpiAgent is set on the page, enabling users to explore in-
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Figure 2. The schematic features on various webpages of Human-scATAC-Corpus. (A) Home: interactive images of human tissue-level navigation and
overview data statistics. (B) Browse: hierarchical organization of datasets by tissue, task, and dataset, with metadata and visualizations. (C) Detail:

comprehensive sample-level metadata, UMAP projections, and statistics.
task-, tissue-, and dataset-based data packages with MD5 checksums. (F)
online tools for cell embedding, cell type annotation, and data mapping.

dividual cells and toggle labels between cell type, batch, and
donor, with associated count distribution displayed for cells,
cell types, batches, and donors via pie charts. Additionally,
detailed statistics including distributions of fragment counts,
non-zero peak counts, and non-zero cCRE counts per cell are
presented via histograms.

Advanced searching

Structured metadata-based filters and keyword-based
searches are available at the Search page to facilitate flex-
ible queries for sample data (Fig. 2D). Users can specify
criteria from drop-down menus such as dataset and tissue,

(D) Search: metadata- and keyword-based retrieval of datasets. (E) Download:
Tutorial: guidance on data formats, labels, and website usage. (G) Analysis:

and further refine searches by selecting downstream tasks,
sequencing technologies, and defined ranges for the numbers
of cells, cell types, and batches. A fuzzy search function is also
supported, enabling keyword entry to identify potentially
relevant samples. Upon submission of a searching query,
an interactive metadata table will be presented, enabling
direct exploration and download of three types of files for
each sample: the cell-by-cCRE matrix, fragment files, and
the cell-by-peak matrix. Users can also click on the sample
ID in the table to access the detailed web page. In addition,
users can click the Example button to obtain an exemplary
search entry along with corresponding results. Alternatively,
a Download button located at the bottom right corner of the
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table allows users to download a .csv file containing both
basic dataset information and download links for datasets
within the search results, thereby supporting batch data
retrieval via command-line tools.

Data download

In addition to downloading sample files via the tables on the
Search and Browse pages individually, we have developed the
Download page to facilitate convenient access to prepack-
aged data (Fig. 2E). Specifically, for each task, tissue, and
dataset, three file types (cell-by-peak matrix, cell-by-cCRE ma-
trix, fragment file) are archived and compressed into down-
loadable packages. To ensure data integrity, corresponding
MDS checksum files are provided alongside the downloadable
files. We also provide guidance on the usage of various data
formats and labelling conventions on the Tutorial page, where
users can also find a comprehensive tutorial on navigating and
utilizing the website (Fig. 2F).

Online analysis and case study

Human-scATAC-Corpus integrates the pretrained EpiA-
gent model and its supervised derivatives, EpiAgent-B and
EpiAgent-NT, into the backend to support three types of on-
line analyses: cell embedding extraction, cell type annotation,
and data mapping (Fig. 2G). All online analyses require the
input data to be provided in .h5ad format as a cell-by-cCRE
matrix. To ensure stable performance, the system restricts each
individual analysis to a maximum of 10 000 cells, thereby pre-
venting memory overload or excessive computational time for
a single task. For larger datasets, users are advised to partition
their data into smaller subsets for batch analysis. We have ver-
ified that splitting large datasets into multiple subsets does not
affect the reliability of results, with detailed results provided
in Supplementary Note S4 and Supplementary Figs S6--S9.
Under this constraint, the typical runtime for each type of on-
line analysis is summarized in Supplementary Note S5 and
Supplementary Fig. S10. For each analysis task, users can spec-
ify hyperparameters and submit their data; the backend auto-
matically generates a task ID and executes the process. Upon
completion, users are notified via the email address they pro-
vided and can retrieve the results from the online analysis por-
tal using the assigned task ID. The detailed workflows of the
three online analyses and representative case studies are de-
scribed below.

Cell embedding extraction. For this analysis, Human-
scATAC-Corpus automatically executes a series of built-in
scripts, including data preprocessing, model inference with
EpiAgent, and results aggregation (Fig. 3A). The generated cell
embeddings are stored in the AnnData object under the .obsm
field with the key ‘cell_embeddings_zero_shot’, and the full
AnnData object is returned to the user in .h5ad format. As a
case study, we applied this workflow to a randomly downsam-
pled subset of the Buenrostro2018 [30] dataset (1000 cells),
which is also provided as example data on our website. As
shown in Fig. 3A, our database successfully produced em-
beddings that capture cellular heterogeneity without requiring
local computation, thereby greatly facilitating downstream
analyses.

Cell type annotation. The pipeline of cell type annotation
closely parallels that of cell embedding extraction, with the ex-
ception that the backend model is replaced by one of the su-
pervised derivatives, EpiAgent-B or EpiAgent-NT, according

to the user’s selection (Fig. 3B). Predicted cell type labels are
stored in the AnnData object under the .obs field with the key
‘predicted_cell_types’. As a case study, we used a randomly
downsampled subset of the Li2023b [40] dataset (1000 cells),
also available as example data, and selected EpiAgent-B as
the annotation model. As illustrated in Fig. 3B, the predicted
cell type labels exhibit strong concordance with the ground-
truth labels, demonstrating the potential of this function as a
powerful tool for preliminary annotation of scATAC-seq data.
In addition, we used the Kanemaru2023 [41] and Li2023b
datasets to demonstrate the advantages of performing this on-
line analysis with EpiAgent-B/NT compared to other scATAC-
seq-based methods [15,42,43] (Supplementary Note S6 and
Supplementary Fig. S11).

Data mapping. The data mapping function leverages Epi-
Agent to associate query cells with reference data, enabling
comparisons between disease and normal cells or between in
vivo and in vitro cell states, thereby providing insights into
pathogenic mechanisms and developmental processes [44].
On the backend, reference cells with known type annotations
are selected and processed through EpiAgent to obtain their
embeddings. For each dataset, the embeddings of cells belong-
ing to the same type are averaged to obtain reference samples.

This function supports two levels of resolution (Fig. 3C).
In cell-level mapping, each query cell is assigned to the near-
est reference sample in embedding space based on Euclidean
distance, and the results are returned in a .csv file. In cell
type-level mapping, the query cells are first grouped by a user-
specified annotation key, which refers to one of the input hy-
perparameters for online analysis (‘Cell-type key’ on the Anal-
ysis page). For each group, the 10 closest reference samples,
defined as dataset—cell type pairs, are identified. During the
mapping procedure, the Faiss library [45] is employed to ac-
celerate computation. The outputs include an Excel file (with
one sheet per group) and distance visualization plots (one per
group), all packaged in a compressed archive.

As a case study, we applied cell type-level mapping to a
randomly downsampled subset of clear cell renal cell carci-
noma (ccRCC) cells from the Terekhanova2023 [46] dataset
(1000 cells). The results indicated that ccRCC cells were
mapped to astrocytes and normal proximal tubule epithe-
lial cells, respectively. These mappings are consistent with
the original analyses reported in Terekhanova2023 [46], un-
derscoring the accuracy and reliability of the data map-
ping function. Furthermore, we used ccRCC cells from the
Terekhanova2023 [46] dataset to show the superiority of the
pretrained EpiAgent over cisTopic [17] for this online analysis
task (Supplementary Note S6 and Supplementary Fig. S12).
In addition, to illustrate the similarities and differences be-
tween the two mapping strategies, we provide both a concep-
tual workflow and an applied example to explain their relative
advantages (Supplementary Note S7 and Supplementary Fig.
S13).

System design and implementation

The website is maintained on a Linux-based Nginx web server
v1.28.0 (https://nginx.org/) with the backend running PHP
(v7.4.33). All metadata are stored in a MySQL database
(v8.4.0). We utilize various jQuery and JavaScript plugins,
including DataTables (v1.10.19), morris.js (v0.5.0), D3.js
(v7.8.5), and Chart.js (v3.9.1), to implement and render ta-
bles, charts, and UMAP visualizations. The web interface is
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Figure 3. Online analysis in the Human-scATAC-Corpus database. (A) Cell embedding extraction: extraction of cell embeddings using the EpiAgent
model pretrained on parts of cells in Human-scATAC-Corpus. (B) Cell type annotation: supervised prediction of cell types with EpiAgent-B (brain tissue)
or EpiAgent-NT (other tissues). (C) Data mapping: matching query cells or cell types to normal tissue references within Human-scATAC-Corpus using the
EpiAgent model and Faiss library. TFIDF denotes as Term Frequency-Inverse Document Frequency.

optimized using the Bootstrap framework (v3.3.7). Besides,
the online analysis service powered by the built-in foundation
model is currently deployed on a computing node equipped
with 4 NVIDIA GeForce RTX 4090 GPUs within a high-
performance computing cluster. Considering the lengthy com-
putation time required for the tasks, we designed a paral-
lelization strategy to enable efficient inference across these
GPUs. The current Human-scATAC-Corpus website supports
most mainstream web browsers, including but not limited to
Google Chrome, Firefox, Safari, Microsoft Edge, and Opera.
With regard to API/CLI endpoints, the website currently pro-
vides direct download links for all datasets but does not offer
programmatic API access.

Discussion

Recent advances in scATAC-seq profiling have produced
datasets that are both vast in scale and broad in biological
scope, developmental stages [6], spanning diverse tissues [7],
and perturbation contexts [9, 10, 32]. This expansion cre-
ates the conditions for foundation models to become a cen-
tral paradigm in scATAC-seq [11, 12], yet progress has been
constrained by the absence of a curated database that recon-
ciles divergent feature spaces, standardizes metadata, and sup-
ports reproducible computation. Recognizing this gap, we de-

veloped Human-scATAC-Corpus, a unified ensemble database
designed to reconcile these challenges by integrating multi-
ple data representations, spanning broad tissue and pertur-
bation contexts, and embedding a built-in foundation model
for online analysis. Compared with other ensemble databases
[29, 47-49] that include scATAC-seq data, our resource not
only surpasses them in richness and diversity but also intro-
duces novel functional features (Supplementary Note S8 and
Supplementary Table S1). In doing so, our database addresses
the technical fragmentation derived from characteristics of
scATAC-seq data that has hindered integrative analysis, while
providing an accessible and scalable resource to accelerate the
development and application of large-scale foundation mod-
els in single-cell epigenomics.

Following the initial release of Human-scATAC-Corpus, we
plan to advance the resource along three directions. First, we
will extend beyond human data by incorporating data from
mouse and other species, establishing a multi-species database.
Second, we will systematically curate additional experimen-
tal contexts to broaden the range of downstream applications
and provide stronger support for method development and
benchmarking. Third, we will integrate additional single-cell
epigenomic modalities, such as chromatin interactions and
DNA methylation, with harmonized metadata and interop-
erable representations. These expansions are intended to en-
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able large-scale pretraining on comprehensive, multi-omic reg-
ulatory signals and to facilitate joint representation learning
across species and modalities.
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