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High-resolution reconstruction of  
cell-type-specific transcriptional regulatory 
processes from bulk sequencing samples
 

Li Yao (姚力)    1,2, Sagar R. Shah    2,3, Abdullah Ozer    3, Yutong Zhu    1,2, 
Xiuqi Pan2,3, Tianyu Xia1,2, Junke Zhang    1,2, Alden King-Yung Leung1,2, 
Meihan Wei1,2, John T. Lis1,3 & Haiyuan Yu (于海源)    1,2 

Single-cell sequencing methods such as scRNA-seq and scATAC-seq 
have advanced our understanding of individual cellular functions but 
experimentally adapting genome-wide assays measuring other genomic 
features to achieve single-cell resolution remains a technical challenge. 
Here we introduce deep-learning-based deconvolution of tissue profiles 
with accurate interpretation of locus-specific signals (DeepDETAILS), a 
quasisupervised framework performing cross-modality deconvolution 
using scATAC-seq reference libraries for other bulk datasets. DeepDETAILS 
enables base-pair-resolution mapping of genomic signals across diverse cell 
types, with great versatility for various omics datasets, including nascent 
transcript sequencing (such as PRO-cap and PRO-seq) and ChIP-seq for 
chromatin modifications. Using DeepDETAILS, we generated a compendium 
of high-resolution nascent transcription and histone modification signals 
across 39 diverse human tissues and 86 distinct cell types. Furthermore, we 
applied our compendium to fine-map risk variants associated with primary 
sclerosing cholangitis, a progressive cholestatic liver disorder, and revealed 
a potential etiology of the disease.

Transcription is a tightly regulated process involving multiple 
rate-limiting steps, including transcription activator binding, chro-
matin remodeling and modification, enhancer–promoter (E–P) 
interactions, preinitiation complex formation, promoter escape, 
promoter-proximal pausing and release of paused Pol II into produc-
tive elongation1,2. Understanding the regulatory mechanisms governing 
transcription is crucial for deciphering complex biological processes. 
High-throughput sequencing assays have enhanced our understanding 
by profiling transcription factor (TF) binding, histone modifications3, 
E–P interactions4 and nascent transcription dynamics5–7. Interplay 
among regulatory layers8 enables assays designed for profiling one 
process to capture signals from others. For example, GRO/PRO-cap5,9 
were developed to map all active transcription start sites (TSSs) 

genome-wide but the discovery of enhancer transcription10 has made 
them highly sensitive assays for pinpointing active enhancers11,12. Col-
lectively, these bulk sequencing technologies provide tools to study 
the transcriptional regulatory processes that control cellular function 
and fate.

While powerful, bulk sequencing assays aggregate signals across 
cell populations, which can obscure cell-type-specific regulatory mech-
anisms when applied to tissue samples usually composed of diverse cell 
types that are available in limited quantities. In contrast, scRNA-seq, 
snRNA-seq, scATAC-seq and snATAC-seq13,14 resolve cellular heteroge-
neity and enable the characterization of regulatory processes at the 
individual cell level. In addition to measuring mRNA expression and 
chromatin accessibility, recent advances have enabled the detection of 
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directly available. Instead of learning from ground-truth signals for 
each cell type, DeepDETAILS operates in a quasisupervised manner 
by minimizing the differences between predicted and observed bulk 
signals (Extended Data Fig. 1a).

Inspired by the fact that open chromatin is necessary but not 
sufficient for many regulatory processes (Extended Data Fig. 1b–g), 
we introduced a constraint based on local accessibility; if a locus is 
not accessible in one cell type, tentative predictions made for this cell 
type will not be incorporated into the final prediction. This acts as a 
feedback mechanism during training and introduces asymmetricity 
into the architecture.

We implemented two versions of DeepDETAILS (Fig. 1a, Extended  
Data Fig. 2a–e and Methods). The ‘seq-only’ model uses only DNA 
sequence and chromatin accessibility constraints to maximize 
the interpretability of sequence contributions. The ‘fused’ model 
combines base-pair-resolution chromatin accessibility profiles 
learned by gated recurrent units (GRUs) with sequence embeddings 
learned by CNNs. Incorporating accessibility embeddings enabled 
a smaller sequence-processing architecture, reducing GPU memory 
usage (Extended Data Fig. 2f) and improving scalability for decon-
volving more cell types under the same hardware configuration 
(Extended Data Fig. 2g).

DeepDETAILS learns TF motifs that govern cell-type-agnostic 
general regulatory processes and cell identity
To validate DeepDETAILS, we conducted a proof-of-concept study 
using a simulated heterogeneous ‘tissue’ sample composed of K562, 
GM12878 and MCF-7 (Extended Data Fig. 2h). We generated the bulk 
library by combining GRO/PRO-cap data, which captures transcription 
initiation signals from all enhancers and promoters genome-wide, for 
each cell line, and used snATAC-seq of these cell lines as the reference 
(Extended Data Fig. 2h and Methods). Both the seq-only and the fused 
versions of DeepDETAILS successfully reconstructed the initiation 
profiles for all three cell types (Fig. 1b and c).

To interpret the sequence motifs that DeepDETAILS used in its pre-
dictions, we used the input × gradient method39. The framework identi-
fied motifs associated with transcription initiation in general, including 
binding sites for Sp/KLF and ETS family of TFs (Fig. 1b), as well as ini-
tiator and TATA box (Extended Data Fig. 3a), consistent with previous 
studies37,40,41. Additionally, DeepDETAILS captured cell-type-specific 
motifs reflective of cell identity. For instance, GATA1 is a pioneer TF 
critical for erythroid differentiation and is notably active in K562 cells42. 
DeepDETAILS learned prominent GATA1-like motifs in K562 cells but 
not in other cell types (Fig. 1c). IRF-family TFs are known to have critical 
roles in lymphocyte development43 and DeepDETAILS also identified 
IRF-like motif contribution in GM12878 (Extended Data Fig. 3b). While 
both models produced similar deconvolution results, the seq-only 
model demonstrated better learning of DNA syntax than the fused 
model, likely because the fused model can partially use accessibility 
embeddings to infer cell type identity and was designed with a smaller 
architecture for efficiency. Given its hardware-friendly design, we 
proceeded with the fused version for subsequent analyses.

DeepDETAILS can deconvolve regulatory signals from a wide 
variety of bulk sequencing assays
We assessed DeepDETAILS across distinct bulk sequencing assays, 
including PRO-cap for transcription initiation (Figs. 1b,c and 2a), 
ChIP-seq for H3K27ac, H3K4me1 and H3K4me3 histone modifications 
(Fig. 2b–d and Extended Data Fig. 4a–c) and PRO-seq for pause–release 
dynamics (Extended Data Fig. 4d). Each assay captures different aspects 
of regulatory processes at varying resolutions; ChIP-seq provides 
broader signals, while PRO-cap/seq offers base-pair resolution. Despite 
these differences in assay types and data characteristics, DeepDETAILS 
consistently performed well across all assays, demonstrating its robust-
ness and versatility.

more genomic features15–19. However, adapting bulk assays to single-cell 
resolution in general faces substantial experimental challenges, includ-
ing the scarcity of input material and limitations in the efficiency of 
library preparations that can hinder certain assay functionalities19. 
Moreover, ease of use16,17 and cost20 present additional obstacles.

Alongside the development of single-cell-resolution assays, there 
is increasing interest in developing in silico deconvolution methods to 
reconstruct cell-type-specific profiles from bulk sequencing. Current 
methods primarily rely on single-cell data from the same assay type as 
references to deconvolute bulk data from the same modality. A com-
mon approach uses scRNA-seq reference count matrices to estimate 
cell type fractions21,22 and cell-type-specific gene expression from bulk 
RNA-seq samples23–27. Because these methods require panels of bulk or 
reference samples, they have mainly been applied to consortium-level 
data such as TCGA23,24 and SFARI26,28. Recently works have expanded to 
deconvolve other modalities, including DNA methylation29,30, using 
matched-modality references. However, obtaining single-cell sequenc-
ing reference libraries for many other omics modalities (for example, 
nascent transcriptome) remains costly and challenging. Given the inter-
connected nature of regulatory layers, an alternative approach is to 
use single-cell references from more widely available modalities, such 
as scATAC-seq and snATAC-seq, to deconvolve bulk data from assays 
that are not single cell ready (that is, cross-modality deconvolution). 
However, a major challenge in cross-modality deconvolution is the 
lack of direct correspondence or alignment between different omics 
measurements, which can lead to discrepancies in data interpretation. 
For instance, a genomic region may exhibit similar accessibility across 
multiple cell types but only initiate transcription in one.

In this study, we developed DeepDETAILS, a deep learning 
model enabling precise deconvolution of bulk omics profiles into 
cell-type-specific signals at base-pair resolution in a cross-modality 
manner. DeepDETAILS deconvolves bulk sequencing data—such as 
nascent transcriptome and histone modification profiles—using 
scATAC-seq or snATAC-seq libraries from the same type of tissue as 
reference. Our results demonstrate that DeepDETAILS outperformed 
traditional statistical deconvolution methods. Using DeepDETAILS, 
we developed a compendium of high-resolution nascent transcription 
and histone modification maps across 39 human tissues and 86 distinct 
cell types. Furthermore, we applied our compendium to fine-map 
risk variants associated with primary sclerosing cholangitis, a chal-
lenging illness with unknown etiology, characterized by chronic bile 
duct destruction and progression to end-stage liver disease, revealing 
potential cellular origins of the disease.

Results
Deep learning architecture of DeepDETAILS
As fundamental building blocks of eukaryotic genome architecture, 
the placement of nucleosomes influences many transcriptional regu-
latory processes. Genome-wide landscapes of nucleosome-depleted 
regions or open chromatin regions indicate active regulatory regions 
that are highly cell type specific31–33. With scATAC-seq and snATAC-seq 
becoming increasingly available, we sought to use chromatin acces-
sibility information for each cell type to reconstruct other regulatory 
processes from bulk sequencing assays. To achieve this, we developed 
DeepDETAILS, a deep learning framework designed to reconstruct 
cell-type-specific regulatory signals from bulk data (Fig. 1a, Methods 
and Supplementary Notes). DeepDETAILS uses branches of dilated con-
volutional neural network (CNN) blocks to make individual predictions 
for each cell type, which are then combined linearly to reconstruct the 
bulk signal. Although deep learning is widely used in genomics, most 
applications are fully supervised, learning regulatory sequence pat-
terns34 or predicting noncoding variant effects35,36 from experimentally 
measured target signals, such as transcription initiation37 or histone 
modifications38 (Extended Data Fig. 1a). In contrast, DeepDETAILS is 
designed for deconvolution, where cell-type-specific signals are not 
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Fig. 1 | Architecture of DeepDETAILS. a, Schematic overview of the 
DeepDETAILS framework. The model takes three inputs: (1) DNA sequence 
information; (2) cell-type-specific accessibility profiles derived from scATAC-
seq and snATAC-seq data; and (3) ‘bulk’ sequencing signals. DeepDETAILS is 
optimized to minimize the difference between real and predicted bulk tracks. 
Components unique to the fused mode of DeepDETAILS are indicated by 
dashed boxes. b,c, DeepDETAILS deconvolved a simulated bulk PRO-cap library 
consisting of three cell types: K562, GM12878 and MCF-7. The ground-truth 
signals are labeled as ‘Initiation’, while deconvolved signals from the seq-only 
and fused models are shown separately. Sequence motifs contributing to the 

prediction in each cell type were shown in the ‘I × G’ (input × gradient) tracks. 
b, Motifs known to be important for transcription initiation in general are 
highlighted with pink shading. c, Motifs associated with cell-type-specific 
identity are highlighted with blue shading (for example, GATA1-like motif for 
K562, with the consensus sequence GATAA/TTATC). Unless explicitly specified, 
inverse hyperbolic sine (asinh) transformation was applied to initiation and 
chromatin accessibility by default to account for their large dynamic range  
(for example, between promoters versus enhancers). The asinh transformation is 
similar to log transformation but supports negative values.
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Deconvolution by DeepDETAILS matches or exceeds 
performance of canonical supervised direct prediction methods
DeepDETAILS operates in a deconvolution setting, where it only has 
access to bulk signals and not the desired cell-type-specific prediction 
targets. Despite facing a more challenging learning task than previ-
ous deep learning studies (Extended Data Fig. 1a), we evaluated its 
performance against published fully supervised models for sequence 
learning37,38. We created simulated bulk sequencing libraries by com-
bining signals from five different cell lines (Methods) chosen to reflect 
higher or lower pairwise similarity in chromatin accessibility profiles 
when such data were available (Extended Data Fig. 5a). This approach 
aimed to assess how effectively DeepDETAILS handles samples with 
varying cell population structures. For example, we simulated two 
sets of bulk libraries capturing nascent transcription initiation: A673, 
HCT116, HUVEC, K562 and MCF 10A (more similar group) and Caco-2, 
Calu3, GM12878, LNCaP and MCF-7 (more distinct group) (all simulation 
formulas available in Supplementary Table 2). We used DeepDETAILS 
to reconstruct signal tracks of initiation, pause–release and histone 
H3K4me3 or H3K27ac modifications for each cell line and compared 
its performance to two state-of-the-art supervised models: Puffin-D37 

and Enformer38. Puffin-D was developed for predicting transcription 
initiation, which we also repurposed to study pause–release by training 
separate models using the ground truth (Methods). Predicted pro-
files of histone modifications from Enformer were retrieved from the 
original study38. As Enformer predicts signals at 128-bp resolution, we 
binned the predictions from both DeepDETAILS and Puffin-D to match 
the resolution. We compared predictions to actual signal tracks for each 
cell type using Pearson’s r, as reported in the original studies (Fig. 3a). 
DeepDETAILS achieved similar performances to state-of-the-art super-
vised models (Pearson’s r for DeepDETAILS: 0.704 (initiation), 0.730 
(pause–release) and 0.767 (histone modification); other models: 0.726, 
0.734 and 0.679, respectively) (Fig. 3a). Because DeepDETAILS and 
Puffin-D make predictions at base-pair resolution and PRO-cap/3′ of 
CoPRO yields base-pair-resolution profiles, we tested performances 
recovering the dominant TSSs and pausing sites at 1-bp resolution. 
We demonstrated that DeepDETAILS achieved comparable perfor-
mance to state-of-the-art models with large receptive fields in pre-
dicting dominant TSSs and pausing sites. Specifically, DeepDETAILS 
obtained Pearson’s r values of 0.800 for TSSs and 0.837 for pausing 
sites, closely matching the 0.817 and 0.836 scores of Puffin-D (Fig. 3b,c 
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Fig. 2 | DeepDETAILS works for multiple bulk sequencing assays.  
a, DeepDETAILS deconvolved simulated bulk transcription initiation profiles 
captured by GRO/PRO-cap from both promoters (labeled in red boxes) and 
enhancers (labeled in orange boxes). b–d, DeepDETAILS also successfully 

deconvolved bulk histone modification signals, including for H3K27ac (b), 
H3K4me1 (c) and H3K4me3 (d). Candidate regulatory elements such as 
enhancers and promoters were annotated on the basis of ENCODE cCRE 
definitions72.
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and Extended Data Fig. 5b,c). This performance is notable given that 
DeepDETAILS was trained on simulated bulk data (mixture of five cell 
lines), whereas Puffin-D and Enformer were trained on ground-truth 
bulk data for each cell line.

DeepDETAILS outperforms statistical deconvolution tools in 
cross-modality settings
Statistical tools are widely used in deconvolving bulk profiles with 
references of the same modality23–27. These tools consider bulk sequenc-
ing profiles as linear combinations of signals from each cell type and 
calculate cell-type-specific signals by solving a system of equations23–27. 
However, references may not be available for assays that are technically 
difficult to perform at single-cell resolution (for example, PRO-cap). 
DeepDETAILS addresses this limitation by enabling cross-modality 
deconvolution. It uses references from one modality (scATAC-seq and 
snATAC-seq) to deconvolve bulk profiles of another modality (for exam-
ple, PRO-cap), thereby overcoming the hurdle of unavailable references 
for certain assays.

To evaluate performance in cross-modality deconvolution, 
we compared DeepDETAILS to several statistical deconvolution 
methods (BayesPrism24, CIBERSORTx23, BLADE25 and DSA44) using 
simulated bulk samples (Fig. 3d,e). Although DeepDETAILS provides 
base-pair-resolution predictions, statistical tools typically generate 
count tables for genes or regions. For a fair comparison, we summed 

DeepDETAILS predictions over 1-kilobase (kb) regions and used sta-
tistical tools to reconstruct read counts tables in the same regions 
(Methods). DeepDETAILS demonstrated superior performance 
(Fig. 3d,e), achieving the highest Lin’s concordance coefficients (CCCs) 
in within-cell-type comparisons: 0.927 for initiation, 0.950 for pause–
release and 0.780 for histone modifications. The best-performing sta-
tistical methods yielded CCCs of 0.860, 0.876 and 0.632, respectively 
(Fig. 3d). DeepDETAILS also excelled in across-cell-type comparisons, 
with CCCs of 0.717, 0.803 and 0.651 for initiation, pause–release and 
histone modifications, outperforming the statistical methods’ results 
of 0.477, 0.530 and 0.466 (Fig. 3e and Extended Data Fig. 5d). We also 
assessed prediction error using root-mean-squared error (r.m.s.e.); 
DeepDETAILS reconstructed read counts with the highest accuracy, 
with a mean overall r.m.s.e. of 0.944 (Extended Data Fig. 5e). Addition-
ally, statistical deconvolution methods usually require multiple bulk 
samples23–25,44 or reference samples26, DeepDETAILS only needs one 
bulk and reference sample, which enables its broader applications in 
research projects of different scales and purposes.

DeepDETAILS works robustly in complex settings
Many factors can impact the accuracy and reliability of deconvolu-
tion outcomes. Therefore, we aimed to evaluate the performance of 
DeepDETAILS under more demanding conditions. First, we examined 
the robustness of DeepDETAILS when applied to libraries with varying 
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sequencing depths. We simulated bulk and reference libraries across 
three distinct sequencing depth categories: excellent, good and accept-
able (Methods). DeepDETAILS maintained consistent performance lev-
els, with minimal reductions observed as the sequencing depths of the 
libraries decreased. Specifically, using CCC as a metric, within-cell-type 
comparisons demonstrated limited performance decline when tran-
sitioning from excellent sequencing quality to good quality (range of 
decreasing: 0.002 to 0.042; Fig. 4a) and from good to acceptable qual-
ity (range of decreasing: 0.031 to 0.099, Fig. 4a). Similar trends were 
observed for across-cell-type comparisons (Extended Data Fig. 6a). 
These results indicate that DeepDETAILS exhibits robust performance 
across different sequencing depths, making it a reliable tool for decon-
volution analysis even under suboptimal conditions.

Cell type composition in human tissues can be highly complex; 
therefore, a key attribute of deconvolution methods is their capacity to 

effectively accommodate this variation in heterogeneity. We simulated 
bulk libraries containing 5–15 cell types and assessed DeepDETAILS 
performance across three sequencing depth conditions. We found that 
the number of cell types in the bulk library has only a minimal impact 
on both within-cell-type and across-cell-type CCCs. Specifically, the 
inclusion of one additional cell type resulted in a decrease of 0.007 
in within-cell-type CCC (Fig. 4b) and 0.008 in across-cell-type CCC 
(Extended Data Fig. 6b). Under more imbalanced cellular composi-
tions (dominant cells: ~90%, rare populations: 2.5–10%), DeepDETAILS 
maintained consistent across-cell-type concordance despite marginal 
within-cell-type CCC decreases (Δ = −0.002 per 1% dominance increase; 
Extended Data Fig. 6c,d), preserving its core capability to accurately 
deconvolve signals. We also performed simulations by formulating 
bulk samples mimicking the similarity relationships between cell types 
in real-world normal and disease samples (Extended Data Fig. 6e,f and 
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Supplementary Notes) and we observed consistent and robust perfor-
mance from DeepDETAILS (Extended Data Fig. 6g,h).

Previous simulations assumed that the bulk and reference samples 
originated from the same source and shared identical cell type ratios. 
Expanding the ability of DeepDETAILS to work with unmatched samples 
(that is, those from different sources or with varying cell type propor-
tions) would enhance its practicality. To evaluate the capability of 
DeepDETAILS, we simulated two distinct groups of samples: one group 
featuring an even distribution of cell types and another dominated by 
a single cell type (comprising 60% of the total). ‘Matched deconvolu-
tion’ was defined as using reference and bulk samples from the same 
group, while ‘unmatched deconvolution’ involved pairing samples 
from different groups (Fig. 4c). The simulated unmatched settings 
were designed to represent scenarios with large fluctuations in cell 
type ratios. Our results showed consistent deconvolution outcomes in 
matched and unmatched settings, with differences in within-cell-type 
and across-cell-type CCCs ranging from 0.001 to 0.028 and 0.001 to 
0.064, respectively (Fig. 4c and Extended Data Fig. 6i).

In addition to deconvolving cell type identity, we tested whether 
DeepDETAILS can dissect biological conditions beyond cell type iden-
tity. To do so, we obtained HCT116 cells with an auxin-inducible CTCF 
degradation system (LOC4335696 knock-in), performed PRO-cap 
under baseline (0 h) and perturbed (6 h auxin) conditions and gen-
erated simulated bulk mixtures containing both states together 
with three additional cell lines. We repeated this analysis across five 
distinct cell type compositions. Across these simulations, Deep-
DETAILS preserved state-specific information, with an average of 
70.2% of TREs differentially expressed between the perturbed and 
unperturbed HCT116 states reconstructed in the correct direction 
(Extended Data Fig. 7a,b), demonstrating the capacity of DeepDETAILS 
to resolve biological context beyond static cell identity. In addition, 
we performed further simulations to evaluate the performance of 
DeepDETAILS with reference and bulk samples that exhibit varying bio-
logical conditions and library quality. We also assessed its robustness 
against biological variation. Our findings indicate that DeepDETAILS 
is resilient to out-of-distribution scenarios (Extended Data Fig. 7c–e 
and Supplementary Notes).

Consortium-level efforts3,45 have been increasing the availability 
of human tissue scATAC-seq and snATAC-seq libraries; thus, users 
may not need to generate their own reference libraries to deconvolve 
their bulk samples with DeepDETAILS. Reference scATAC-seq and 
snATAC-seq libraries provided by consortia are usually generated by 
pooling multiple specimens to ensure a comprehensive representa-
tion of different cell types; hence, there may be more cell types in the 
reference libraries than the bulk sample. To address this, DeepDETAILS 
uses a ‘preflight check’ step that estimates the proportions of different 
cell types within the bulk sample. It further identifies and masks out 
cell types present in the reference but absent in the bulk, preventing 
their influence on subsequent analyses (Methods). We evaluated the 
accuracy of the preflight step by blending in 1–5 additional cell types 
into the references used by DeepDETAILS. The results demonstrated 
high accuracy (median accuracy of 1.0) in detecting extraneous cell 
types when the reference libraries had adequate sequencing depth 
(Fig. 4d and Extended Data Fig. 7f).

Lastly, to further validate the robustness of DeepDETAILS for 
real-world applications, we applied this method to reconstruct 
cell-type-specific initiation maps using a bulk liver PRO-cap library 
(Fig. 4e). We used a matched snATAC-seq library from the same donor’s 
right lobe of the liver (ENCSR364FHN). To further assess its perfor-
mance in unmatched conditions, we deconvolved the same bulk library 
using another snATAC-seq dataset derived from a different donor’s 
liver (Fig. 4e). We observed substantial batch effects between the 
two snATAC-seq libraries, with accessibility tracks clustering by their 
sources rather than cell type identities (Fig. 4f). Additionally, there 
were noticeable disruptions in pairwise similarities between cell types 

across donors. For instance, hepatocytes and endothelial cells showed 
high similarity (Pearson’s r = 0.911) in one donor, whereas fibroblasts 
displayed strong similarity to hepatocytes (Pearson’s r = 0.896) in 
another (Fig. 4f). Despite these challenges, DeepDETAILS demon-
strated resilience by reconstructing consistent tracks across both 
matched and unmatched settings. The method achieved strong cor-
relations for all cell types (Fig. 4g): hepatocytes (Pearson’s r = 0.937), 
macrophages (r = 0.921), fibroblasts (r = 0.833) and endothelial cells 
(r = 0.822). This robust performance underscores the capability of 
DeepDETAILS to handle batch effects and donor variability, ensuring 
reliable results in real-world scenarios.

A cell-type-specific compendium of regulatory maps in  
human tissues
Projects such as Roadmap Epigenomics46 and ENCODE3 have advanced 
our understanding of gene regulation across various human tissues 
and developmental stages. However, their reliance on bulk sequenc-
ing results in aggregate signals from heterogeneous cell populations, 
which can obscure cell-type-specific biology. Rare-cell signals may 
be masked and opposing regulatory effects across cell types can 
average out, causing false negatives. To address this limitation, we 
developed a resource of cell-type-specific regulatory maps across 
the human body. This resource enhances our ability to understand 
transcription regulation, annotate noncoding regions of the genome 
and prioritize noncoding genetic variants associated with diseases. 
Using DeepDETAILS, we deconvolved bulk ChIP-seq datasets from the 
ENCODE project, focusing on key histone modifications including 
H3K4me1, H3K4me3 and H3K27ac in tissues for which snATAC-seq 
references were available. Additionally, we generated genome-wide 
maps for transcription initiation at promoters and enhancers across 
ten human tissues and applied DeepDETAILS to deconvolve their 
cell-type-specific components (Fig. 5a and Extended Data Fig. 8a). 
The resulting compendium includes regulatory profiles across 20 
organs, 39 tissues and 86 distinct cell types. All datasets are available 
through our web portal (https://details.yulab.org), which supports 
browsing, visualization and download of deconvolved profiles by 
assay and biosample category.

To demonstrate the quality of our compendium, we identified 
regulatory elements exhibiting cell-type-specific activity within indi-
vidual organs (Methods). These elements were enriched for genetic 
variants associated with specific biological functions or diseases, 
aligning with the known roles of the cell types. For instance, in the 
heart, cardiomyocytes directly influence the electrical properties 
and ion channel functions that regulate the duration of the inter-
val between the beginning of the Q wave and the end of the T wave 
on an electrocardiogram (QT interval) during repolarization47. Our 
analysis revealed an enrichment of variants associated with these 
processes specifically in cardiomyocytes but not in other cardiac 
cells (Fig. 5b). Cardiac fibroblasts and heart smooth muscle cells have 
key roles in vascular remodeling, plaque formation and fibrosis, all of 
which contribute to the development and progression of coronary 
artery disease48,49. Trends of enrichments were observed specifi-
cally in these cell types but not in cardiomyocytes (Fig. 5c). Similar 
cell-type-specific enrichments were detected for other tissues, includ-
ing hepatocytes in liver related to complement factor B levels and 
T cells in lung concerning COVID-19 severity (Extended Data Fig. 8b,c). 
To further assess the accuracy of the deconvolved tracks, we also vali-
dated them against 96 known cell-type-specific markers50,51 for 26 cell 
types. We observed, on average, a 17-fold enrichment of signals in the 
promoter regions of cell-type-specific markers in the corresponding 
deconvolved tracks (Fig. 5d). Performance was consistently strong 
across cell types (Extended Data Fig. 8d), with >97% of marker genes 
enriched in the expected cell type on average, indicating that Deep-
DETAILS is broadly robust across the cellular contexts represented 
in our dataset.
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DeepDETAILS compendium facilitates the understanding of 
disease etiology
High-throughput sequencing has provided unprecedented insights into 
genetic and molecular mechanisms of disease etiologies52. However, 
bulk libraries capture mixed signals from diverse cell types, which can 
obscure meaningful patterns and mask cell-type-specific dysregula-
tion. DeepDETAILS compendium addresses these challenges by ena-
bling cell-type-level dissection of regulatory signals in bulk samples, 
improving our understanding of disease etiology.

Primary sclerosing cholangitis is characterized by chronic inflam-
mation and bile duct scarring (Fig. 6a) but its etiology remains poorly 
understood. Although genome-wide association studies (GWASs) have 
identified over 300 progressive cholestatic liver (PSC)-associated 
variants53–55, pinpointing causal variants remains challenging56. To 
better understand the molecular mechanisms underlying PSC, we used 
the reconstructed cell-type-specific regulatory maps in DeepDETAILS 
compendium for transcription initiation, as well as H3K4me1, H3K4me3 
and H3K27ac modifications in the human liver’s right lobe. We then 
generated cell-type-specific E–P networks using the activity-by-contact 
model57 with deconvolved histone modification signals as inputs. The 
predicted E–P interaction maps were refined by removing enhancer 

candidates lacking deconvolved eRNA transcription. Through this 
approach, we revisited GWAS-identified PSC-associated variants and 
identified rs5757584, located within an enhancer that is specifically 
active in liver-resident macrophages (Kupffer cells) (Fig. 6b). The 
inferred E–P interaction map suggested that this enhancer regulates 
a nearby gene, platelet-derived growth factor subunit B (PDGFB). We 
confirmed that this inference was robust to hyperparameter choice 
and reference scATAC-seq quality (Extended Data Fig. 9a). To further 
validate this finding, we compared the transcriptional initiation activ-
ity of PDGFB across cell types to its expression profile in published 
scRNA-seq data51, observing high concordance between our results 
and the scRNA-seq dataset (Extended Data Fig. 9b). As expected, Deep-
DETAILS also outperformed statistical deconvolution methods in this 
cross-modality deconvolution setting (Extended Data Fig. 9c). This E–P 
interaction was further supported by an independent eQTL study58, 
which demonstrated that the C-to-T mutation negatively impacted 
the expression of PDGFB in lymphocytes (Extended Data Fig. 9d). 
Previous studies have shown that the secretion of PDGF from mac-
rophages can help suppress the inflammatory response59,60. There-
fore, one potential etiology of PSC could be that individuals carrying 
alternative alleles at rs5757584 exhibit impaired PDGFB-mediated 
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immune regulation in Kupffer cells, resulting in a prolonged inflamma-
tory response and increased susceptibility to liver damage. Notably, 
hepatocytes account for approximately 70% of liver’s regulatory signals 
(Extended Data Fig. 10a), suggesting that cell-type-specific effects 
in nonhepatocyte populations such as Kupffer cells could be easily 
overlooked in bulk-level analyses (Extended Data Fig. 10b). Without 
the cell-type-specific dissection of regulatory processes provided by 
DeepDETAILS, the functional role of this variant, in terms of both gene 
regulation and disease etiology, might have remained undetected 
(Extended Data Fig. 10b).

Discussion
Various high-throughput sequencing assays have advanced our 
understanding of transcriptional regulation. However, it is dif-
ficult to use bulk sequencing assays to identify distinct regulatory 
patterns in tissue samples composed of diverse cell types. While 
advances in single-cell sequencing (for example, scRNA-seq and 

snATAC-seq) allow high-resolution study of regulatory layers in com-
plex biosamples, numerous other assays are still not applicable at 
the single-cell level. Current machine learning techniques that use 
single-cell sequencing data focused on smoothing technical noises 
in scATAC-seq and snATAC-seq libraries and better representing the 
clustering structures of the cell population in the sample61–65. When 
data from another single-cell modality are available, such as scRNA-seq, 
cross-modality data imputation can be performed to further refine the 
representations66–69.

DeepDETAILS uses the scATAC-seq and snATAC-seq for a different 
goal; DeepDETAILS reconstructs regulatory processes in different 
cell types at base-pair resolution in a bulk sequencing sample when 
provided with the scATAC-seq or snATAC-seq reference. We showed 
the broad applicability and robust performance of our method in 
such a cross-modality deconvolution setting. We further applied 
DeepDETAILS to deconvolve bulk sequencing libraries across 39 dif-
ferent human tissues and generated cell-type-specific regulatory 
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maps regarding transcription initiation and histone modifications 
(H3K4me1, H3K4me3 and H3K27ac). We anticipate the comprehensive 
and high-resolution cell-type-specific regulatory maps in our portal 
can help identify molecular mechanisms underlying various patholo-
gies, offering new avenues for therapeutic intervention. For example, 
the identification of rs5757584 as a variant in a macrophage-specific 
enhancer affecting PDGFB expression highlights how this tool can 
pinpoint cell-type-specific functional elements that potentially con-
tribute to disease pathogenesis. This finding also underscores the 
importance of studying regulatory variation at cell-type-specific level 
and demonstrates the potential of DeepDETAILS to bridge gaps in our 
understanding of genotype–phenotype relationships.

As a reference-based deconvolution method, the effectiveness of 
DeepDETAILS depends on the availability, quality and comprehensive-
ness of the scATAC-seq and snATAC-seq reference datasets. Similar to 
statistical approaches for intramodality deconvolution, DeepDETAILS 
cannot resolve signals from cell types absent from the reference. With 
the advancement and availability of other single-cell modalities, such 
as single-cell histone modification ChIP-seq, future research could 
enhance the framework’s flexibility to incorporate these as alternative 
references. Additionally, the current implementation of DeepDETAILS 
is not optimized for repressive regulatory processes, such as the tri-
methylation of lysine 27 on histone H3 protein, and modifications on 
the architecture may be needed. In addition, statistical deconvolution 
methods usually benefit from a larger number of input bulk samples; 
thus, it is possible that these tools may perform better when more 
data are available.

Multimodal foundation models demonstrate potential in gener-
alizing to unobserved cell types and could potentially be repurposed 
for tasks like deconvolution70,71. However, these models require exten-
sive sequencing data and substantial computational resources; for 
instance, EpiBERT needed around 740 ATAC-seq datasets. Their effec-
tiveness also depends on the similarity between regulatory motifs in 
trained and cell types not seen during training. In contrast, the broad 
applicability of DeepDETAILS across various cell types, regardless of 
their similarity, enhances its utility in advanced genomic analyses with-
out the need for vast datasets or powerful computing infrastructure.

In conclusion, DeepDETAILS enables cell-type-specific dissection 
of regulatory landscapes from bulk sequencing data, helping link tran-
scriptional regulation and genetic variation to disease mechanisms.
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Methods
Processing sequencing libraries
snATAC-seq libraries for different cell lines and primary cells were pro-
cessed with 10x Genomics Cell Ranger ATAC 2.1.0 and only fragments 
from called cells were kept for downstream usage. Run-on sequenc-
ing libraries (GRO-cap, PRO-cap, CoPRO and PRO-seq) datasets were 
processed with pipelines introduced in our previous publication11 
and the protocol is available from our GitHub repository. Histone 
ChIP-seq libraries were processed with the ENCODE ChIP-seq pipeline 
version 2. All sequencing data and analytical pipelines were managed 
by BioQueue73.

Simulating bulk tissue datasets for different targeting assays
For run-on libraries (GRO-cap, PRO-cap, CoPRO and PRO-seq) where 
only the ends of sequencing reads were considered in downstream 
analysis, we sampled signals from the corresponding bigWig files with 
a binomial sampler, such that the sampled signal at locus i for cell line 
k follows sik∼ℬ(Nik,pi), where Nik is the observed signal value from the 
original library and pi is the sampling ratio for cell line k. For histone 
modification ChIP-seq where the entire reads were considered, we 
downsampled the aligned reads in the tagAlign files following a uni-
form distribution 𝒰𝒰(pi). In both cases, the sampled signals for each 
cell line were merged together and served as the bulk tissue signal 
tracks. Peaks were called from the simulated bulk libraries using 
PINTS11, dREG74 and MACS2 (ref. 75) for GRO/PRO-cap, 3′ of CoPRO/
PRO-seq and ChIP-seq, respectively. We surveyed published run-on 
and histone modification libraries, and used the 25th, 50th and 75th 
percentiles of their sequencing depth as the criteria of acceptable, 
good and excellent simulated bulk library (cutoff for each assay in 
Supplementary Table 3).

Simulating pseudobulk scATAC-seq and snATAC-seq datasets
We used a two-stage hierarchical sampling strategy to simulate 
scATAC-seq and snATAC-seq libraries for tissues. In the first stage, we 
uniformly sampled mk single cells on the basis of their barcodes from 
the corresponding scATAC-seq and snATAC-seq library for that cell line 
or primary cell (k in this case); in the second stage, for each sampled 
cell ci, we randomly selected ni reads from the fragments pool of that 
cell, where ni∼𝒩𝒩(μ,σ). We used the (μ,σ) pairs (10,000, 833), (5,000, 
333) and (1,000, 167) to simulate excellent, good and acceptable quality, 
respectively, of scATAC-seq and snATAC-seq libraries, as suggested in 
a previous study76. The final pseudobulk scATAC-seq and snATAC- 
seq libraries were obtained by pooling all sampled fragments  
together. Sampling procedures in both stages were performed 
without replacement.

Architecture of DeepDETAILS
The expanded architectural specifications of DeepDETAILS, includ-
ing the number of layers, channels, filter sizes and activation func-
tions, are presented in Extended Data Fig. 2. At its core, DeepDETAILS 
formulates deconvolution for each genomic region as a quasisuper-
vised multibranch prediction problem, in which the observed bulk 
signal is reconstructed as the sum of latent cell-type-specific signals. 
Both versions of DeepDETAILS extract sequence embeddings from 
the 4,096-bp input DNA sequence using dilated convolutional layers 
(Extended Data Fig. 2c) but differ in sequence encoder depth and 
complexity; the fused model uses a deeper shared sequence encoder, 
whereas the seq-only model uses a shallower shared sequence module 
and relies more heavily on cell-type-specific branches. In the fused ver-
sion, the sequence embeddings are first adjusted by cell-type-specific 
gating modules and then combined with local chromatin features 
extracted from the pseudobulk cell-type-specific scATAC-seq and 
snATAC-seq profiles for each region and cell type using a shared 
two-layer GRU. These chromatin features are concatenated with 
the sequence-derived features and fed into the prediction heads 

(Extended Data Fig. 2d,e), enabling predictions that incorporate both 
sequence and chromatin context.

For each cell type, the resulting features are passed to a pair of 
heads that predict the signal shape and total count within the center 
1,000-bp window; therefore, across all cell types, DeepDETAILS 
uses K pairs of heads, where K is the number of cell types in the bulk 
sample (Extended Data Fig. 2d,e), similar to a previous study77. Spe-
cifically, the shape head produces logits that are normalized across 
genomic positions by a softmax to represent the positional distribu-
tion of signal, whereas the count head predicts the corresponding 
amplitude after a softplus transformation. The cell-type-specific 
signal is then obtained as the product of the predicted profile 
shape and count. For both the fused and seq-only versions, predic-
tions for each cell type are adjusted using a scaling function that 
zeros out predictions from regions that are inaccessible in specific 
cell types, as determined from the pseudobulk cell-type-specific 
tracks of the corresponding scATAC-seq or snATAC-seq library. This 
accessibility-based scaling function directs each cell type’s stack of 
CNN layers to learn unique and meaningful representations. The 
scaled predictions from individual cell types are aggregated to form 
the predicted bulk signal.

Scaling function for cell type k at region r:

s (k, r) =
RPM (k, r)

∑K
i=1RPM (i, r) + ϵ

where RPM(k, r) gives the depth-normalized ATAC-seq signals at the 
center 1-kb region of r in the corresponding cell type k and ϵ = 10−16 to 
avoid dividing by zero.

During training, DeepDETAILS minimizes the root-mean-squared 
logarithmic error (r.m.s.l.e.) between the reconstructed bulk signal 
( ̂y) and observed bulk signal (y). To prevent the model from collapsing 
into trivial solutions where multiple branches predict similar outputs, 
DeepDETAILS implements a redundancy penalty78. This penalty dis-
courages excessive correlation between predictions from different 
regions and improves the overall robustness of the model. Mathemati-
cally, the loss function can be expressed as follows:

ℒ =
√√√√
√

1
M

M
∑
i=1

L
∑
j=1

(ln (1 + ŷi, j) − ln (1 + yi, j))
2

⏟⎵⎵⎵⎵⎵⎵⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⎵⎵⎵⎵⎵⎵⏟
r.m.s.l.e.

+ α
K

K
∑
k=1

M
∑
i=1

M
∑
j≠i
𝒞𝒞2
k,i, j

⏟⎵⎵⎵⎵⏟⎵⎵⎵⎵⏟
penalty

where M is the number of regions in the batch, L is the length of the 
prediction window, K is the number of cell types, α is a positive constant 
to balance the r.m.s.l.e. and the penalty and 𝒞𝒞 is the correlation matrix 
of predictions. Optimization is performed end-to-end by backpropaga-
tion from the bulk-level reconstruction loss. Although cell-type-specific 
target tracks are not observed during training, gradients propagate 
through the reconstructed bulk signal to each branch-specific shape 
and count prediction, thereby jointly learning the latent cell-type- 
specific deconvolution and the bulk reconstruction. In the fused model, 
gradients further flow through the shared ATAC encoder, the cell-type- 
specific gating modules and the shared sequence encoder, whereas 
the accessibility-derived scaling factors are treated as fixed inputs. The 
default values for M and α are 32 and 1.0, respectively. However, Deep-
DETAILS generally maintains robust performance across a range of 
hyperparameter values (Extended Data Fig. 10c,d).

Training and deconvolution are intrinsically coupled in this 
framework. In each forward pass, the model produced a set of latent  
cell-type-specific predictions, whose sum defined the reconstructed 
bulk signal used for optimization. Consequently, the branch-specific 
outputs after training constitute the final deconvolved cell-type- 
specific signals, rather than being obtained through a separate post 
hoc decomposition step. Further information on the design rationale 
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and mathematical formulation of DeepDETAILS can be found in the 
Supplementary Notes and Extended Data Fig. 10e,f.

Beyond these shared architectural components, the two Deep-
DETAILS modes are designed to serve complementary analytical pur-
poses. The fused mode is optimized for quantitative deconvolution 
performance by integrating both DNA sequence information and 
cell-type-specific chromatin accessibility profiles, as evidenced in 
Fig. 3 and Extended Data Fig. 5. This integration enables better perfor-
mance while maintaining lower computational resource requirements. 
Accordingly, the fused mode is used as the default for deconvolution 
because it represents the architecture’s highest-performing configura-
tion for cross-deconvolution applications.

By contrast, the seq-only mode is primarily intended for biological 
interpretation through motif discovery (Fig. 1 and Extended Data Fig. 3). 
Because it relies exclusively on DNA sequence, it yields cleaner attribu-
tion maps when used with ‘deepdetails attr’, enabling more direct 
identification of regulatory features underlying deconvolved states. 
Although this mode is computationally more demanding, it provides 
important mechanistic insight by revealing candidate TF regulators, 
thereby facilitating hypothesis generation and guiding downstream 
experimental validation.

Deconvolution of bulk sequencing libraries using 
DeepDETAILS
DeepDETAILS requires two inputs: a reference scATAC-seq or 
snATAC-seq library and a bulk sequencing library for deconvolution. 
While simulations indicate that DeepDETAILS, trained on one bulk 
sample, can be applied to other samples comprising the same cell types 
but differing proportions (Extended Data Fig. 10g,h), we recommend 
a sample-specific workflow for deconvolving multiple bulk libraries. 
Specifically, DeepDETAILS should be applied separately to each library 
to account for potential variations in cell type composition.

Data preprocessing. The deconvolution workflow begins with the 
‘deepdetails prep-data’ command, which requires (1) aligned frag-
ment files from the reference scATAC-seq or snATAC-seq library; (2) cell 
type annotations for each cellular barcode; and (3) strand-specific sig-
nal tracks for the bulk library (for example, bigWig files) and genomic 
region annotations (for example, peak BED files). This command 
automatically processes the input data by (1) grouping scATAC-seq 
fragments by cell type using the provided annotations; (2) generat-
ing pseudobulk coverage tracks for each cell type; and (3) storing 
both the target bulk signal and reference pseudobulk signals in an 
HDF5 file. To include background regions with G+C content distribu-
tions similar to the peak regions, you can sample and add them to 
the dataset by specifying ‘--background-sampling-ratio 1.0’. 
We recommend including these regions when deconvolving histone 
modification datasets.

Deconvolution procedure. Deconvolution is performed using the 
‘deepdetails deconv’ command with the preprocessed HDF5 file. 
During training, DeepDETAILS (1) generates cell-type-specific sig-
nal predictions; (2) aggregates these predictions into a composite 
bulk signal; and (3) iteratively optimizes parameters to minimize the 
discrepancy between the predicted and observed bulk signals. The 
model checkpoint from the training epoch achieving minimal loss 
is automatically saved for downstream analysis. For deconvolution 
tasks, the default mode is fused. Users may optionally use the seq-only 
mode by specifying the ‘--seq-only’ flag in the deconvolution com-
mand. Suggestions regarding mode selection are available in the 
Supplementary Notes.

Result visualization. For visualization of base-pair-resolution sig-
nals, the ‘deepdetails build-bw’ command exports deconvolved 
cell-type-specific signals as bigWig files.

Attribution analysis (optional). For sequence attribution analysis (as 
performed in Fig. 1), the ‘deepdetails attr’ command can be used. 
The command takes the compiled dataset and trained model to build 
attribution tracks in bigWig format.

Comparing DeepDETAILS to supervised learning methods
We trained two sets of Puffin-D37 models and each model was fed by 
downsampled signals from five sources (cell types) as the authors 
did in their original manuscript. In one setting, Puffin-D models were 
trained to predict signals for transcription initiation and pause–release 
in the other. The combinations of cell lines were identical to what we 
used in our simulated bulk samples for testing the performance of 
DeepDETAILS and the formulas are available in Supplementary Table 2. 
Predictions of Enformer were retrieved from the original publication38 
and only predictions for biosamples that were also tested in this 
study were kept for comparison. Comparisons were evaluated using 
chromosomal cross-validation.

Benchmark performances on cross-modality deconvolution 
for statistical methods
Statistical deconvolution methods were used to purify total read counts 
among regions of interest in 1-kb resolution for each mixed cell type. 
For CIBERSORTx23, we applied S-mode batch correction and lowered 
the filtering threshold for average gene expression to 0, as suggested in 
the original publication. For BayesPrism24, BLADE25 and DSA44, we used 
the default parameters. For BLADE and DSA, which require specifying 
signatures for each cell type, we used the signature matrices auto-
matically generated by CIBERSORTx. Invalid predictions (not a number) 
were replaced by small random values drawn from a distribution that 
ln(X)∼N(0,1) and scaled by 0.1 when calculating correlation coefficients 
between the predicted values and the ground truth. Additional bulk 
samples were simulated as statistical methods require multiple bulk 
samples to run by combining different biological replicates of the 
corresponding cell lines.

Preflight check
When preparing the data files for running the DeepDETAILS deconvolu-
tion workflow, a preflight procedure will be executed by default. This 
step trims the reference dataset by only keeping cell types consistently 
present in both the reference and the bulk datasets. We implement 
this functionality in a three-step manner. First, we build a signature 
matrix as previously mentioned23. Second, we use ν-SVR to estimate 
the fractions of different cell types in the bulk library as suggested by a 
previous study23. Third, cell types with very low presence are removed 
(<3.5%) unless the preflight check is manually bypassed with the 
option (‘--skip-preflight’). The 3.5% cutoff was empirically deter-
mined through systematic grid search (Extended Data Fig. 7f), with 
user-adjustable implementation through the ‘--preflight-cutoff’ 
parameter. We also noticed that rare cell types present in bulk but 
absent from reference libraries impose negligible performance impact 
because of limited signal contribution (Extended Data Fig. 10i,j). While 
this method may yield lower accuracy in estimating the absolute frac-
tion (median r2: 0.567–0.827) compared to intramodality simulations79, 
it remains effective for identifying cell types absent from the bulk 
sequencing library.

Generation of PRO-cap libraries for human tissues
Human tissue samples were obtained as part of the ENCODE consorti-
um’s coordination effort. Solid tissues were pulverized on dry ice using 
a mortar and pestle and cell lines were cultured in-house according to 
American Type Culture Collection protocols. A total of 10 million cells 
were processed per sample. Technical replicates were prepared for tis-
sue samples, whereas cell line experiments were performed using bio-
logical replicates. PRO-cap libraries were prepared using a previously 
described protocol5,80,81 with modifications. Briefly, permeabilized 
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cells, isolated nuclei or pulverized tissues were subjected to nuclear 
run-on reactions to capture nascent RNA. Total RNA was isolated and 
split into two rounds of adaptor ligation (with VRA5 + 6N: CCTTGGCAC-
CCGAGA AUUCCA rNrNrNrNrNrN, VRA3 + 6N: /5phos/ rNrNrNrNrNrN 
GATCGTCGGACTGTAGAACTCTGAAC /3InvdT/) using T4 RNA ligase 1 
(New England Biolabs, M0204), followed by reverse transcription using 
SuperScript III (Invitrogen; 18080044) with custom adaptors. Between 
adaptor ligation steps, cap-stable selection was performed using CIP 
(New England Biolabs, M0290) to dephosphorylate uncapped RNAs, 
thereby preventing ligation to the 5′ adaptor and Cap-Clip (CellScript, 
C-CC15011H) to remove 5′ caps from guanylated transcripts, enabling 
incorporation into the library through 5′ adaptor ligation. RNA washes, 
phenol–chloroform extraction and ethanol precipitation were per-
formed between reactions under RNase-free conditions following 
manufacturer protocols. PCR amplification was performed using RP1 
(AATGATACGGCGACCACCGAGATCTACAC GTTCAGAGTTCTACAGTC-
CGA) and RPI-n (CAAGCAGAAGACGGCATACGAGAT [index_barcode] 
GTGACTGGAGTT CCTTGGCACCCGAGAATTCCA) primers, followed 
by library cleanup and sequencing.

Deconvolution of human tissue samples
For the deconvolution of bulk human tissue samples, we used Deep-
DETAILS with its default settings. For reference dataset selection, we 
prioritized snATAC-seq data derived from the same tissue and donor. 
In cases where such data were unavailable, a composite reference was 
constructed using all available snATAC-seq datasets for that tissue. The 
specific reference dataset used for each deconvolution experiment 
is documented on our web portal. Each deconvolution workflow was 
performed in duplicate, with average signal values being reported to 
ensure robustness of the results. For histone ChIP-seq experiments, 
we merged the deconvolved signals on the two strands and reported 
binned signals (10 bp) to the portal.

Identification of cell-type-specific regulatory elements and 
variant enrichment analysis
We identified candidate regulator y elements exhibiting 
cell-type-specific activity in different tissues or organs using t-tests 
by comparing the depth-normalized signal of a specific assay in a given 
cell type to that of all other cell types. We controlled for false discovery 
rate (FDR) using Benjamini–Hochberg’s approach and considered 
regions with an FDR < 0.05 and log fold change > 2 as significant. To 
assess enrichment of variants, we applied Fisher’s exact test for each 
trait. Within each organ, we identified GWAS variants located in bulk 
peak regions and categorized them into two groups: those residing in 
cell-type-specific regions and those in nonspecific regions. We then 
further classified these variants on the basis of their association with 
a specific trait and constructed 2 × 2 contingency tables to facilitate 
odds ratio calculations. Lastly, for each cell type, we calculated the odds 
ratio of trait-associated variants occurring in cell-type-specific regions 
compared to nonspecific regions and reported the results. Trait–cell 
type pairs with adjusted P values (Benjamini–Hochberg) smaller than 
0.05 were considered significant, indicating a statistically significant 
enrichment of trait-associated variants in cell-type-specific regions.

Prediction of E–P interaction
An activity-by-contact model was used for predicting E–P interactions57. 
For the cell-type-specific E–P maps, we used a pseudobulk ATAC-seq 
track for the cells and deconvolved H3K27ac ChIP-seq signal as the 
measurement of enhancer activity. For the bulk E–P map, we used 
the entire pseudobulk ATAC-seq and bulk H3K27ac ChIP-seq as the 
enhancer activity measurement. In both cases, we used Hi-C tracks 
averaged from multiple human biosamples as the measurement of 
contact frequency. Predicted interactions were further pruned by 
removing pairs where the candidate enhancer anchors do not have 
eRNA transcription (<5 counts per million reads).

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

Data availability
All deconvolved tracks are freely available on our portal. Human tissue 
PRO-cap libraries were deposited to the National Center for Biotechnol-
ogy Information Gene Expression Omnibus and their accession num-
bers, together with those of other sequencing datasets retrieved from 
public databases, are listed in Supplementary Table 1. Cell type anno-
tations for scATAC-seq and snATAC-seq experiments were obtained 
from the ENCODE portal and the corresponding accession for each 
deconvolution run is available on our online portal. The data used for 
the eQTL analysis described in this manuscript were obtained from 
the GTEx Portal on December 13, 2024. Source data are provided with 
this paper.

Code availability
The source code of DeepDETAILS is publicly available from GitHub 
(https://github.com/haiyuan-yu-lab/DeepDETAILS). Scripts used to 
generate the results reported in this study can also be retrieved from 
GitHub (https://github.com/haiyuan-yu-lab/DeepDETAILS-analysis).
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Extended Data Fig. 1 | Accessible chromatin is necessary but not sufficient 
for many regulatory processes. a, Schematic comparison of training strategies 
used by quasi-supervised methods (for example, DeepDETAILS) and fully 
supervised models (for example, Puffin-D and Enformer). b, Genome browser 
view of a locus illustrating that accessible chromatin is required for multiple 
regulatory processes. c, Genome browser view of a locus illustrating that 

accessible chromatin alone is insufficient to drive regulatory activity.  
d–g, Genome-wide joint distribution analyses comparing chromatin accessibility 
with other regulatory signals, including transcription initiation, pause release, 
and histone modifications. Chromatin accessibility was measured by ATAC-seq in 
d and e, and by DNase-seq in f and g. Analyses were performed in K562 cells for d 
and f, and in GM12878 cells for e and g.
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Extended Data Fig. 2 | Expanded characterization of DeepDETAILS. 
a, Architecture of DeepDETAILS (‘seq-only’ version). b, Architecture of 
DeepDETAILS (‘fused’ version). c–e, Configuration of dilated convolutional 
blocks (c), heads for predicting the shape of the signal in the ‘fused’ version (d) 
and total counts in the ‘fused’ version (e). Components with trainable parameters 
are shown in light colors. Fixed operations are represented in gray. k: number 
of cell types in the bulk sequencing library, GAP: global average pooling, CAT: 

concatenation, σ: sigmoid activation, ⊙: element-wise product, ⊕: element-wise 
summation. f, GPU usage and runtime tracking of DeepDETAILS models when 
applied to the simulated ‘tissue’ PRO-cap library with three cell types. g, The 
relationship between the number of parameters in DeepDETAILS and the number 
of cell types in the bulk sample. h, Workflow of simulating bulk and reference 
libraries for evaluating the performance of cross-modality deconvolution.
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Extended Data Fig. 3 | Expanded sequence attribution analysis. DeepDETAILS 
deconvolved a simulated bulk PRO-cap library consisting of three cell types: 
K562, GM12878, and MCF-7. The ground-truth signals were labeled as ‘Initiation’, 
while deconvolved signals from the ‘seq-only’ and ‘fused’ models were shown 
separately. Sequence motifs contributing to the prediction in each cell type 
were shown in the ‘I×G’ (input × gradient) tracks. In a, Initiators and TATA 

boxes (consensus sequences BBCABW/WVTGVV and TATAWAW/WTWTATA, 
respectively) known to be important for transcription initiation in general 
were highlighted. In b, motifs associated with cell-type-specific identity were 
highlighted (for example, IRF-like motif for GM12878, with the consensus 
sequence GRAAVWGAAAS). B for C/G/T, R for A/G, V for A/C/G, W for A/T, and S 
for G/C.
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Extended Data Fig. 4 | Expanded demonstration of DeepDETAILS applied 
across multiple bulk sequencing assays. a–c, Deconvolution of bulk histone 
modification signals using DeepDETAILS: a for H3K27ac, b for H3K4me1, and 
c for H3K4me3. d, Deconvolution of simulated bulk pause-release profiles 

captured by PRO-seq near gene promoters. Candidate regulatory elements 
such as enhancers (orange boxes) and promoters (red boxes) were annotated as 
defined in ENCODE cCRE.
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Extended Data Fig. 5 | Extended performance comparison of DeepDETAILS 
with state-of-the-art methods. a, Availability of sequencing libraries for 
various regulatory steps, with dark color indicating the presence of available 
libraries (left). Similarity (Pearson’s r) in accessible chromatin landscapes across 
different cell types as measured by snATAC-seq. b, Evaluation of consistency 
(Pearson’s r) between Puffin-D reconstructed dominant TSSs and actual 
dominant TSSs in bulk GRO/PRO-cap libraries. c, Evaluation of consistency 
(Pearson’s r) between Puffin-D reconstructed dominant pause sites and actual 

dominant pause sites in 3′ of bulk CoPRO libraries. For b and c, we randomly 
sampled 5000 peak regions for generating the plots. d and e, Performance 
comparison between DeepDETAILS and statistical deconvolution tools (1-kb 
resolution). d for across-cell-type evaluation, and e for the root-mean-square 
error evaluation (log-transformed counts). In the box plots the center lines, box 
limits and whiskers denote the median, upper and lower quartiles and 1.5× IQR, 
respectively.
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Extended Data Fig. 6 | Extended performance evaluation of DeepDETAILS 
under challenging cases. a, Performance on bulk and reference libraries with 
varying sequencing depths. For each technique, two bulk-reference pairs 
were simulated and deconvolved three times (n = 6 for each bulk sequencing 
technique). b, Deconvolution of transcription-initiation libraries with 
increasing numbers of cell types in both bulk and reference libraries. (n = 3 
for each simulated setting). c and d, Performance on simulated bulk samples 
with unbalanced cell-type compositions. X-axis labels indicate the dominant 
cell-type fraction and the fraction of each of four minor cell types. For each cell 
composition, six deconvolution runs were conducted per assay. Panel c shows 
the within-cell-type CCC, and panel d displays the across-cell-type CCC. e and 

f, Cell-type distributions in real human tissue samples. e, Number of annotated 
cell types per sample (n = 9790). f, Word cloud of disease terms in the reference, 
with font size proportional to frequency. g and h, Performance on simulated bulk 
samples mimicking real human tissue cell-type distributions, with 5 samples 
per cell-type-number configuration. Panel g shows the within-cell-type CCC, 
and panel h displays the across-cell-type CCC. i, Performance using unmatched 
reference libraries, measured by across-cell-type CCC (related to Fig. 4c). For  
a, b, d, h, and i, CCC was calculated across cell types as in Fig. 3e. In the box plots  
(e, g, and h) the center lines, box limits and whiskers denote the median, upper 
and lower quartiles and 1.5× IQR, respectively.
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Extended Data Fig. 7 | Extended performance evaluation of 
DeepDETAILS under out-of-distribution conditions. a and b, Examples of 
DeepDETAILS-deconvolved tracks from a simulated bulk sample containing 
HCT116 cells in different cellular states: control and auxin-induced CTCF 
degradation. c, Evaluation of DeepDETAILS’ performances in out-of-distribution 
scenarios (Supplementary Notes). The left y-axis shows within-cell-type 
CCC and the right y-axis shows across-cell-type CCC. d and e, DeepDETAILS 

preserves condition-specific information in an out-of-distribution setting. A 
normal-condition reference (MCF 10A) was used to deconvolve simulated bulk 
samples containing either normal (MCF 10A, d) or cancer (MCF-7, e) epithelial 
cells together with four additional cell types. f, Performance of the preflight 
check step across different cutoffs. Solid lines represent median values, with 
shaded areas indicating the 95% confidence interval.
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Extended Data Fig. 8 | Expanded characterization of DeepDETAILS 
compendium. a, Dataset composition of DeepDETAILS compendium. b, Variants 
associated with the trait complement factor B levels are enriched in genomic loci 
that are specifically active in liver hepatocytes. c, Variants associated with the 
trait COVID-19 severity are enriched in genomic loci that are specifically active 
in lung T cells. Two-sided Fisher’s exact test was used to derive the p-values for 

both b and c. d, Enrichment of signals at marker-gene promoters across 26 cell 
types. Bars denote cell types, and overlaid points show the corresponding raw 
values from individual deconvolution experiments; the y-axis indicates the 
fraction of curated marker-gene promoters with enriched signal relative to other 
deconvolved cell types from the same bulk sample (n = 560). Values and error 
bars represent mean and 95% confidence intervals of mean.
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Extended Data Fig. 9 | Extended analysis for DeepDETAILS bringing new 
insight into disease etiology. a, Evaluation of the robustness of the inferred 
macrophage-specific enhancer activity to DeepDETAILS hyperparameter 
settings and the quality of the reference snATAC-seq input, related to Fig. 6b.  
b, Gene expression values of PDGFB in different cell types measured by 
scRNA-seq, with sample sizes of n = 11 for macrophages, n = 11 for endothelial 
cells, n = 11 for fibroblasts, and n = 1 for hepatocytes. Values and error bars 

represent mean and 95% confidence intervals of mean. c, Deconvolved promoter 
signal for PDGFB by different tools. d, Impact of the rs5757584 genetic variant 
on PDGFB expression in lymphocytes, stratified by genotype (n = 237, 76, and 13 
for genotypes CC, CT, and TT, respectively). In the box plot, the center lines, box 
limits and whiskers denote the median, upper and lower quartiles and 1.5× IQR, 
respectively.
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Extended Data Fig. 10 | Extended analysis of DeepDETAILS performance 
and design principles. a, Cell composition of a human liver sample from 
snATAC-seq (5012 annotated cells). Cholangiocyte tracks were excluded from 
Fig. 6 for consistency because preflight checks indicated their absence in some 
bulk libraries; tracks from libraries containing cholangiocytes are available on 
the portal. b, Genome browser view of bulk sequencing signals at the PDGFB 
locus in the right lobe of human liver. c and d, Evaluation of DeepDETAILS’ 
performance using different hyperparameter values: panel c for ɑ and panel d for 
batch size. Solid lines represent median values, with shaded areas indicating the 
95% confidence interval. e and f, In silico feature-ablation analysis. ‘+’ indicates 
available features, ‘−’ unavailable features, and ‘~’ shuffled features. n = 4 for 
each condition. Values and error bars represent median and 95% confidence 

intervals of median. Panel e for Pearson’s r and panel f for across-cell-type CCC. 
g and h, Evaluation of DeepDETAILS’ performance when a model is pretrained 
on one sample and applied to other samples with the same set of cell types but 
in different proportions. For each assay, we generated four pairs of datasets and 
conducted the deconvolution process twice for each pair. i and j, Evaluation of 
DeepDETAILS’ performance in scenarios where rare cell types (ranging from  
2.5% to 10%) are present in the bulk sample but absent in the reference (n = 6 for 
each condition). Panels g and i show the within-cell-type CCC, and panels  
h and j display the across-cell-type CCC. In the box plots, the center lines,  
box limits and whiskers denote the median, upper and lower quartiles and  
1.5× IQR, respectively.
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