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Abstract 

Single-cell three-dimensional genome sequencing (sc3DG-seq) reveals genome 
regulation and heterogeneity in various biological processes, but a universal analysis 
tool is lacking. Here we present STARK, a versatile toolkit for processing, quality control, 
and analysis of diverse sc3DG-seq data. Utilizing STARK, we benchmark 15 technolo-
gies, quantitatively comparing their strengths and limitations. We also develop Emp-
tyCells to filter empty barcodes and introduce Spatial Structure Capture Efficiency 
(SSCE) to assess chromatin structure capture quality. Additionally, we establish scNu-
cleome, a uniformly processed repository of sc3DG-seq datasets, to serve as a founda-
tional resource for future 3D genome research.
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Background
Chromosome conformation capture technology plays a crucial role in elucidating the 
three-dimensional (3D) genome organization, revealing the complexities of gene expres-
sion, regulation, and cellular functions [1–4]. This technique and its derivatives allow us 
to study the functionality of chromatin domains, chromosomal interactions, and spatial 
associations between genes and regulatory elements, which are critical for understand-
ing gene regulation during cell differentiation, tissue development and disease progres-
sion [5–13]. Despite the contributions of these techniques, their applications to mixed 
cell populations often result in an aggregate signal that masks cell-to-cell variability and 
dynamic processes [14, 15]. In light of these limitations, recent technological break-
throughs in single-cell genome-wide mapping of chromatin contacts have significantly 
advanced our understanding of chromatin organization, particularly in elucidating the 
dynamics of the cell cycle and revealing the complex organization of tissues.

Currently, over ten methods of sc3DG-seq have been developed, including scHi-C 
[16], scHi-C+ [17], sciHi-C [18], Dip-C [19], sn-m3C [20], scMethyl [21], HiRES [22], 
scSPRITE [23], snHi-C [14], snHi-C+, scNanoHi-C [24], LiMCA [25], GAGE-seq [26], 
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Droplet Hi-C and Paired Hi-C [27]. These methods can be broadly categorized into 
three types: First, methods that apply bulk Hi-C techniques directly to individual cells 
post single-cell sorting; second, the use of single-cell high-throughput profiling methods 
that leverage cellular barcodes; and third, the integration of additional omics, includ-
ing DNA methylation and gene expression, through simultaneous sequencing within 
the same single cell. The first type of technology adapts the standard Hi-C protocol [8, 
28, 29] by performing ligation after nuclear lysis and dilution of chromatin complexes. 
This approach processes each cell individually, leading to a more consistent quality and 
total contacts across single cells. The second type of technology features high-through-
put capacity by introducing cellular barcodes at various experimental steps or utilizing 
microfluidic systems, enabling parallel sequencing of chromatin contacts across a larger 
cell population. Although variations in total contacts across individual cells may be more 
pronounced, it significantly expands the scope of analysis for complex tissues. In this 
category, scSPRITE, an advancement of the SPRITE method [30], and scNanoHi-C, the 
first technology to use long-read sequencing in 3D genome analysis [31], are particularly 
noteworthy. Both technologies are adept at delineating higher-order chromatin interac-
tions, opening new avenues for studying complex chromosomal structures within sin-
gle cells. Microfluidic-based approaches such as Droplet Hi-C and Paired Hi-C employ 
commercial microfluidic systems to achieve scalable processing. The third type of tech-
nology, including HiRES, sn-m3C, and scMethyl, integrates sequencing from additional 
omics with mapping of 3D chromosome structures. This multi-omics approach demon-
strates the interplay between the spatial organization of chromosomes and other molec-
ular context, leading to a deeper insight into complex mechanisms of gene regulation 
within individual cells [20, 24, 32].

The diversity of sc3DG-seq has led to a challenge in developing versatile software 
that can accommodate the varied data formats and analysis requirements from the full 
spectrum of these methods. Current tools focus on specific downstream analyses, offer-
ing functionalities like quality control [33], imputation [34–37], clustering [35, 38–40], 
denoising [41, 42], and the identification of chromatin loops [43, 44]. With the rapid 
advancement of sc3DG-seq technologies, the throughput has increased dramatically, cre-
ating a demand for software capable of handling and analyzing large volumes of sequenc-
ing data, akin to the progress seen in single-cell RNA-seq. However, an efficient workflow 
for processing and filtering high-quality sc3DG-seq data for downstream analysis is still 
lacking. To fill this gap, we propose STARK—a cutting-edge toolkit for Structural Topol-
ogy Analysis and a Rich Knowledge base. STARK offers a systematic workflow for pre-
processing diverse sc3DG-seq data with unified, standardized procedures. It provides 
robust, versatile quality control measures to ensure the selection of high-quality cells 
and generates unified single-cell chromatin contact maps alongside the necessary down-
stream analysis results. STARK represents a significant step forward in addressing the 
analytical challenges posed by the growing complexity and volume of sc3DG-seq data.

Furthermore, different sc3DG-seq technologies each exhibit unique features and 
capabilities in mapping the 3D architecture of chromosomes, which can significantly 
impact the resolution and depth of the data obtained. For instance, variations in 
sequencing depth and resolution across technologies can lead to different interpreta-
tions of genome-wide regulatory interactions and insights into the dynamic changes in 
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chromatin topology under various biological processes [45–47]. Another critical deter-
minant of technological superiority is the ability to prereserve chromatin contacts within 
individual cells [48]. These technological nuances suggest that they may be optimized 
for specific experimental goals, such as high-resolution mapping, multi-omics integra-
tion, or the investigation of complex chromatin interactions. Therefore, it is particularly 
important to evaluate the characteristics of each technology.

To thoroughly assess the performance and applicability of these technologies, we com-
piled a comprehensive dataset of sc3DG-seq data and employed STARK for unified pre-
processing, quality control and analysis. By minimizing systematic biases, we provided 
an objective benchmarking of the various methods. We developed a comprehensive set 
of evaluation indices to quantitatively compare the strengths and limitations of each 
technology, providing researchers with a clear framework to understand the techno-
logical differences, streamline data processing, and inform future experimental design. 
Additionally, we established scNucleome, a comprehensive publicly accessible reposi-
tory of uniformly processed sc3DG-seq datasets, encompassing diverse cell lines and tis-
sues across the spectrum of available technologies, serving as a valuable resource for the 
research community.

Results
STARK framework

sc3DG-seq has emerged as an essential tool for understanding the variability in 3D 
chromatin structure among individual cells. The process encompasses cell sorting, chro-
mosome cross-linking, digestion, ligation, and sequencing, culminating in a map of 
interactions across the genome. Despite the development of over ten distinct sc3DG-seq 
techniques, each with unique processing requirements, a unified computational frame-
work has been lacking. This gap poses a significant challenge to the research community, 
hindering the effective utilization of these extensive and valuable data.

To address this challenge, we propose STARK, a unified framework that conducts 
preprocessing, quality control and downstream analysis for all current sc3DG-seq data 
types (Fig.  1). STARK encompasses three modules: Preprocess (Fig.  1a), Cell Quality 
Control (Fig. 1b) and Downstream Analysis (Fig. 1c).

In Preprocess module (Fig.  1a), we consolidate raw data from all techniques into a 
unified framework. Initially, we extract high-quality sequencing reads and perform 
sequence alignment using an aligner suited to the sequencing platform. Subsequently, 
we parse pair information for chromatin interactions, process these based on enzyme 
cleavage sites, and filter to obtain high-quality chromatin interactions. For techniques 
employing barcodes, we include a dedicated step for demultiplexing and cell allocation. 
Finally, we convert processed data into a binary format (.cool) and apply Hi-C correction 
to each cell.

In Cell Quality Control (QC) module (Fig.  1b), we introduce the EmptyCells algo-
rithm, a newly developed approach to filtering and comprehensive quality control of 
sc3DG-seq data. By first eliminating cells with insufficient interactions and then employ-
ing Monte Carlo simulations to identify high-quality cells, EmptyCells ensures that only 
the most reliable data is used in downstream analyses. To thoroughly evaluate each sin-
gle cell, we offer a suite of metrics that provide a comprehensive insight into chromatin 
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interactions. These include the total number of contacts, GiniQC, short-range to long-
range contact rates, and other relevant measures. Furthermore, we propose the Spatial 
Structure Capture Efficiency (SSCE), a new QC metric that assesses a single cell’s ability 
to capture spatial chromatin structures. The SSCE integrates multiple topological fea-
tures, enhancing the selection of cells that exhibit informative structural patterns. The 
SSCE is designed to ensure that cells with fewer overall contacts but notable structural 
patterns are not disregarded, therefore, complements existing QC metrics.

Downstream Analysis module (Fig.  1c) offers a suite of analytical tools that impute, 
cluster, and aggregate chromatin interactions in single cells, as well as identify key 

Fig. 1  An overview of the STARK workflow. STARK includes preprocess, cell quality control and downstream 
analysis modules, each designed to work seamlessly with the others to provide a comprehensive pipeline 
for the analysis of sc3DG-seq data. a In STARK.Preprocess module, samples undergo a series of steps 
including sequencing quality control, cleaning and alignment based on the sequencing platforms used. 
High-throughput sequencing samples are demultiplexed. The process results in the generation of single-cell 
contact matrices. b STARK.Cell QC module employs the EmptyCells algorithm to filter cells based on contact 
count, ensuring that only high-quality cells are retained. These cells are then evaluated using a suite of 
metrics, including contact number, GiniQC, and long-/mid-/short-range contact rates. c STARK.Downstream 
analysis module encompasses a range of analytical processes, including imputing contact matrix, clustering 
cells, aggregating single cell contact matrices, identifying A/B compartments, TADs, and DNA loops, as well as 
modeling 3D genome structure
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genomic topology such as A/B compartments, topologically associating domains (TADs) 
and chromatin loops, and reconstruct 3D genome configurations from 2D interaction 
maps.

In summary, STARK is a powerful software suite capable of processing extensive data-
sets from various sc3DG-seq techniques. The framework implements computational 
optimizations including parallel processing and Monte Carlo simulation acceleration, 
demonstrating excellent scalability for large-scale applications (Additional file  1: Fig. 
S1a, b, c, d and Additional file 2: Table S1). By processing current and future sc3DG-
seq data, STARK empowers the research community to conduct in-depth analyses and 
unlock new discoveries in the study of 3D genome organization (Table 1).

Benchmark on read‑level sequencing efficiency

To thoroughly evaluate the current sc3DG-seq technologies, we analyzed each tech-
nique data uniformly preprocessed using STARK (see Methods). We began by assessing 
the sequencing depth and throughput of the various sc3DG-seq technologies (Fig. 2a). 
Low-throughput methods (w/o cell barcode) like snHi-C demonstrate greater sequenc-
ing depth, whereas high-throughput methods (with cell barcode), such as snHi-C+, 
sequence a higher number of cells per experiment. In particular, the scSPRITE tech-
nology achieves the highest average number of contacts per cell, with its approach to 
chromatin contact capture being a primary factor. scSPRITE utilizes sonication to frag-
ment the cross-linked DNA complexes, releasing DNA spatial clusters, which are then 
labeled with spatial barcodes [23, 54]. This method, unlike ligation-based technologies, 
preserves a broader range of spatially proximate contacts, leading to a unique distribu-
tion of captured interactions. The ability of snHi-C to obtain the second highest aver-
age number of contacts per cell is largely due to its use of whole-genome amplification, 
which increases DNA quantity without substantial sequence bias [55].

To evaluate the efficiency of various sc3DG-seq technologies in capturing chromatin 
contacts and the impact of ligation methods on sequencing outcomes, we calculated the 
rate of concordantly-mapped (CM) and discordantly-mapped (DM) read pairs (Fig. 2b). 
The majority of technologies demonstrate effective capture capabilities, as evidenced 
by decent proportion of CM read pairs. However, some methods, such as Dip-C and 
LiMCA, produce a higher proportion of DM read pairs, possibly due to the use of the 
META whole-genome amplification approach. The META method is known to reduce 
chimeric reads [56], and enhance the quality of CM read pairs (Additional file  1: Fig. 
S2a), but it may also lead to an increased generation of DM read pairs (Additional file 1: 
Fig. S2b), suggesting a trade-off in the amplification process. Technologies that simulta-
neously capture DNA methylation and 3D genome data in the same sets of single cells 
also show a higher proportion of DM read pairs, potentially due to the bisulfite treat-
ment step required for methylation profiling, which can lead to a decreased alignment 
rate (Additional file  1: Fig. S2c). In contrast, scSPRITE and scNanoHi-C, which are 
designed to generate higher-order chromatin contacts, differing from the paired con-
tacts between two genomic regions captured by other methods, are primarily evaluated 
on their ability to capture these complex interactions effectively, and they also maintain 
satisfactory alignment rates.
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We next evaluated the library complexity and sequence duplication rate across vari-
ous sc3DG-seq technologies (Fig. 2c), revealing significant variability. Low-through-
put techniques, which afford more meticulous processing of individual cells, generally 
result in higher library complexity and lower duplication rate (Additional file 1: Fig. 
S2d-e). Furthermore, methods using whole-genome amplification (WGA) typically 
achieve higher library complexity but also come with the trade-off of higher duplica-
tion rate (Additional file 1: Fig. S2f, g).

We then employed the genomic coverage across different resolutions to evaluate the 
sequencing efficiency of different sc3DG-seq technologies. More than half technolo-
gies demonstrate robust performance, achieving approximately full-genome coverage 

Fig. 2  Benchmark of read-level sequencing efficiency across sc3DG-seq technologies. a Scatter plot showing 
the relationship between the number of cells and the average number of contacts per cell. Fill colors of 
points represent technologies. Border colors of points represent restriction enzymes used. Shapes of points 
distinguish low- and high-throughput methods. b Bar plot displays the rate of concordantly-mapped (CM) 
and discordantly-mapped (DM) read pairs. Left bars indicate the CM read pairs and right bars indicate DM 
read pairs. Colors represent different technologies. The bar graph above each pair of bars represents the 
ligation method, whether biotin is used, and if pulldown is performed. For scSPRITE and scNanoHi-C, only 
the rate of CM read pairs is calculable. c Violin and bar plots represent the library complexity and duplication 
rate across cells for various technologies, with a corresponding bar above indicating the library preparation 
method applied. d Stacked bar plot demonstrates the average genome coverage across cells at resolutions 
of 1 Mb, 500 Kb, 40 Kb, and 10 Kb for different technologies. e Violin plot exhibits the distribution of GiniQC 
values across cells for different technologies. f Venn diagram illustrates the overlap among cells with low 
genomic coverage at 1 Mb resolution, low GiniQC and low library complexity in the scSPRITE dataset. g 
Scatter plot depicts the correlation between GiniQC and genome coverage at 1 Mb resolution across the 
overlapped cells in f 



Page 9 of 33Jiang et al. Genome Biology           (2026) 27:82 	

at a resolution of 1 Mb (Fig. 2d), whereas snHi-C, snHi-C+, sciHi-C, and scSPRITE 
provide genomic coverage rate ranging from 0.3–0.6.

To assess the sequencing efficiency in an alternative way, we employed the GiniQC 
metric [57], which measures the unevenness of read distribution in the contact matrix 
as an indicator of noise levels. Across the fifteen technologies evaluated, average GiniQC 
values are comparable, suggesting a consistent level of noise. Notably, scSPRITE exhib-
its a bimodal distribution in genomic coverage (Additional file  1: Fig. S3a), GiniQC 
(Fig. 2e), as well as library complexity (Fig. 2c). When analyzing cells with lower genomic 
coverage, GiniQC, and library complexity, a significant overlap was observed (Fig. 2f ), 
indicating a strong correlation between these metrics. The Pearson correlation coeffi-
cient between genomic coverage and GiniQC for these cell populations is 0.813 (Fig. 2g), 
highlighting the interdependence of genomic coverage, GiniQC and library complexity 
in evaluating cell quality. Similar bimodal patterns and results were obtained in scMethyl 
and snHi-C (Additional file 1: Fig. S3b, c).

Benchmark on the efficiency of capturing contacts at various genomic ranges

Chromatin interactions across various genomic distance scales have distinct biological 
implications (Fig.  3a). Short-range interactions, typically less than 20  Kb apart, often 
denote spatial contacts between local regulatory elements, such as proximal enhancers 
and promoters, thereby playing a key role in gene transcriptional regulation. Mid-range 
interactions, ranging from 20 Kb to 2 Mb, indicate spatial contacts between distal reg-
ulatory elements and promoters or the organization of functional gene clusters within 
topologically associating domains (TADs). These interactions represent the functional 
blocks of gene regulation and insulation, contributing to the precise control of gene tran-
scription [58]. Long-range chromatin interactions, extending over 2 Mb, are essential for 
the compartment-level folding of chromosomes, influencing transcriptional activity [15, 
28, 59]. While less common, inter-chromosomal interactions reflect the spatial organiza-
tion of chromosomes in the nucleus, sometimes associated with chromosomal translo-
cations and cytogenetic abnormalities [60]. Therefore, a comprehensive understanding 
of the chromatin interaction landscape across all genomic scales is crucial for elucidat-
ing the complexities of gene regulation and delineating the functional organization of 
the cell nucleus.

To assess the distance distribution characteristics of chromatin interactions captured 
by various sc3DG-seq methods, we initially computed the ratio of cis to trans inter-
actions (cis:trans ratio) (Fig.  3b). Although all methods detect a higher number of cis 
interactions, which are interactions between genomic regions on the same chromosome, 
compared to trans interactions, which occur between different chromosomes, notable 
variations are observed. snHi-C, snHi-C+, sn-m3C, scMethyl, HiRES, Paired and Drop-
let Hi-C yield higher cis:trans ratios than others. Interestingly, the three methods capa-
ble of multi-omics sequencing—integrating additional genomic information alongside 
3D genome data—consistently demonstrate higher cis:trans ratios. This may be attrib-
uted to the more intricate experimental protocols potentially leading to a reduced detec-
tion of inter-chromosomal contacts. Additionally, the snHi-C method, which utilizes 
whole-genome amplification (WGA), also yields favorable cis:trans ratios. It is important 



Page 10 of 33Jiang et al. Genome Biology           (2026) 27:82 

to highlight that the average cis:trans ratio for high-throughput methods is lower than 
those for low-throughput methods (Additional file 1: Fig. S4a).

Among the evaluated methods, scSPRITE exhibits the lowest cis:trans ratio, which is 
a logical outcome given its use of spatial barcodes. This approach results in a more uni-
form capture of chromatin contacts across diverse genomic distances. To further inves-
tigate this point, we integrated the top 10 cells with the highest number of contacts from 
each method and studied the relationship between chromatin interaction frequency and 
genomic distance (Fig.  3c). Consistent with the well-established distance decay law of 
chromatin interactions in Hi-C data [8], all methods show a declining trend in interac-
tion frequency with increasing genomic distance. Notably, scSPRITE displays the most 
gradual decline and a prolonged plateau phase, indicating its enhanced ability to cap-
ture interactions across a broader range of genomic scales. In contrast, sciHi-C, despite 
starting with the highest interaction frequency, exhibits the fastest decline, suggesting a 
greater propensity to capture local chromatin structures at shorter genomic distances. 
snHi-C, while achieving a favorable cis:trans ratio, shows an early inflection point (see 
Methods) in the interaction frequency curve. Coupled with its capacity to detect a large 
number of contacts, this suggests that snHi-C excels at capturing interactions at shorter 

Fig. 3  Benchmark of contact capture efficiency across sc3DG-seq technologies. a Schematic illustration 
of contacts at different distance scales and resolutions. From top to bottom: the 3D structure of a cell as 
obtained by the Dip-C method, contact maps at 1 Mb (with a blue box indicating inter-chromosome 
contacts), 500 Kb (indicating long-range contacts), 40 Kb (mid-range contacts), and 10 Kb (short-range 
contacts) resolutions. b Violin plot displays the cis:trans ratios for different technologies. c Line plot illustrates 
the relative contact probability against genomic distance for the most deeply sequenced 10 cells across 
technologies. Points crossing the dashed lines indicates inflection points, with the color bar above the 
plot showing the order of these points from low to high. d-f Box plots depict long-range, mid-range, and 
short-range contacts, respectively, across technologies. Each is ordered by descending median contact 
number
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genomic distances. The remaining technologies demonstrate relatively uniform perfor-
mance in capturing chromatin interactions as genomic distance increased.

Finally, we quantitatively compared the number of chromatin interactions captured 
by different methods across three genomic distance ranges: short-range (< 20 Kb), mid-
range (20  Kb—2  Mb), and long-range (> 2  Mb) (Fig.  3d-f ). Consistent with our afore-
mentioned findings, scSPRITE outperforms other methods in capturing long-range 
chromatin contacts. Methods employing whole-genome amplification (WGA)—snHi-
C, Dip-C and LiMCA—demonstrate a favorable depth in capturing chromatin contacts 
across all distance scales, which underscores the substantial benefit of WGA approach. 
HiRES, which captures both Hi-C and transcriptome, also shows a remarkable perfor-
mance in capturing full range of chromatin contacts. Further analysis of the correlations 
between the three distance ranges revealed that most methods exhibit higher correla-
tions in the number of captured contacts between adjacent distance ranges (Additional 
file 1: Fig. S4b).

Benchmark on the efficiency of capturing topological structures

Chromatin structures play a crucial role in regulating gene expression and orchestrate 
the functional organization of the cell nucleus. sc3DG-seq serves as a powerful tool 
for investigating the heterogeneity of chromatin structures among individual cells, 
with the resolution of detected structures varying [15]. For instance, at a resolution 
of 1 Mb, chromatin territories can be identified, A/B compartments are detectable at 
500 Kb resolution, and topologically associating domains (TADs) become discernable 
at 40–50 Kb (Fig. 4a).

To evaluate the ability of different methods to detect chromatin structures, we cal-
culated normalized Detection Scores (nDS) [23] for single cells derived from each 
method. To minimize potential biases and enhance computational efficiency, we have 
revised the original calculation approach (see Methods). Using this improved meth-
odology, we assessed the capability of the 15 sc3DG-seq methods to reconstruct 3D 
chromatin structures at various resolutions, focusing on chromatin territories, A/B 
compartments, and TADs. The results indicate that most technologies can detect 
these structures to some extent (Fig. 4a-c). In the detection of chromatin territories, 
low-throughput methods generally yield higher nDS compared to high-throughput 
methods (Additional file 1: Fig. S5a). This may be due to the washing steps involved 
in barcoding of single cells, which can lead to the loss of detection efficiency of chro-
matin territories. This aligns with our cis:trans ratio analysis findings. Similarly, for 
A/B compartment detection, low-throughput methods outperform high-throughput 
methods (Additional file 1: Fig. S5b). In discerning TAD structures, high-throughput 
methods generally show lower nDS compared to low-throughput methods (Addi-
tional file 1: Fig. S5c). Notably, among high-throughput technologies, scSPRITE and 
scNanoHi-C, which are capable of capturing higher-order chromatin contacts, dem-
onstrate superior TAD detection performance compared to other high-throughput 
methods (Additional file 1: Fig. S5d). We hypothesize that the cell barcoding and pro-
cessing steps in most high-throughput approaches may lead to some loss in TAD-level 
structural information. Technologies specifically designed to capture higher-order 
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interactions, such as scSPRITE and scNanoHi-C, appear to partially compensate for 
this limitation through their enhanced ability to detect complex chromatin organiza-
tion patterns that contribute to TAD boundary definition.

When examining the performance of individual technologies, scSPRITE, Dip-C, 
scNanoHi-C, scHi-C+, snHi-C, LiMCA and GAGE-seq consistently achieve higher 
nDS across various genomic resolutions, with particularly notable advantages in 
detecting TADs. Their superior performance is likely attributed to their proficiency in 
capturing mid- and long-range chromatin interactions, as previously discussed in our 
analysis. Interestingly, multi-omics methods that simultaneously sequencing DNA 
methylation, which are sn-m3C and scMethyl, demonstrate elevated nDS at the A/B 
compartment and chromatin territory levels, but lower nDS at the TAD levels. This 

Fig. 4  Benchmark of structure detection ability across sc3DG-seq technologies. a-c Normalized Detection 
Score (nDS) of chromosome territory, A/B compartment, and TAD for the top 300 deeply sequenced cells 
across various technologies. An inset on the top left provides a schematic illustration of these genomic 
structures, and the diagram on the bottom left shows the pattern of contact maps with high and low nDSs. 
d Line plot displays the cumulative similarity of TAD boundaries between those obtained from aggregated 
single cells and total cells for different technologies. This analysis is performed on the top 300 deeply 
sequenced cells in each technology. The y-axis represents the Intersection over Union (IoU) as a measure 
of similarity. The x-axis indicates the percentage of cells integrated, with a schematic illustration of the 
integration process shown. e Scatter plot demonstrates the relationship between the SSCE and contact 
number using HiRES data as an example. Cells are categorized as type I-IV, color-coded in blue, green, orange, 
and red respectively. Each dot represents an individual cell, with red dots providing visualized examples. 
Heatmaps correspond to the cells indicated by the black arrows in the scatter plot, showcasing the contact 
map for the region Chr10: 2 Mb-133 Mb. Additional examples are provided in Additional file 1: Fig. S6
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observation suggests that the incorporation of methylation information may affect 
the detection of compact chromatin structures.

Next, we examined the ability to reconstruct bulk-like TAD boundaries by integrating 
an increasing number of single-cell data for different sc3DG-seq technologies (Fig. 4d). 
To achieve bulk-like TAD boundaries, we consolidated the top 300 most abundant sin-
gle-cell data from each technology. Utilizing the Accumulative Single-cell Quality Anal-
ysis method (see Methods), we tracked the trend in similarity between these bulk-like 
TAD boundaries and those reconstructed from integrating an increasing number of 
cells. We employed the intersection over union (IoU) as a metric for consistency evalu-
ation. Overall, the consistency scores of all technologies rise with an increasing number 
of cells integrated, yet there are notable differences in the rate of score increase. snHi-C, 
snHi-C+, and sciHi-C exhibited rapid increase in consistency score. Particularly, sciHi-C 
reached saturation early on, suggesting its ability to approximate bulk-like characteristics 
with a small subset of cells. In contrast, other technologies showed a slower progression 
toward the fitting trend, indicating that they require a larger number of cells to reliably 
reconstruct a bulk-like TAD structures. These findings imply that TAD structures may 
be inadequately captured and can be considerably variable among individual cells, high-
lighting the need for further optimization of experimental protocols to enhance data 
stability.

Similarly, we applied accumulative analysis to chromatin loop detection using main-
stream loop detection algorithms (HiCCUPS [28] and Mustache [61]). Results showed 
that most technologies require aggregation of at least 75 cells before detecting reliable 
loops, with technologies capable of capturing higher sequencing depth per cell (snHi-
C+, scNano-Hi-C, LiMCA, and HiRES) showing better loop detection capability com-
pared to other high-throughput methods (Additional file  1: Fig. S5e). This analysis 
demonstrates that loop detection is feasible at the meta-cell level after aggregation, but 
not yet at the single-cell level, underscoring the current technical limitations posed by 
low signal-to-noise ratios in existing single-cell methods.

nDS can capture structure-specific information but require analyses at various reso-
lutions for a comprehensive assessment. To address this, we developed the Spatial 
Structure Capture Efficiency (SSCE), a new QC metric that quantitatively evaluates a 
single cell’s ability to capture spatial chromatin structures (Fig. 4e). The SSCE incorpo-
rates multiple topological information, including chromatin territories, A/B compart-
ments and TADs, and evaluates their contribution to the total contacts within each cell. 
Based on the SSCE and total contacts, we categorized cells into four distinct types I—
IV. Notably, Type I cells, which have a relatively high SSCE but low total contacts, are 
observed to exhibit more pronounced structures despite similar sequencing depth as 
Type IV cells (Fig. 4e and Additional file 1: Fig. S6a, b). Conversely, Type II and Type 
III cells, while having a relatively high sequencing depth, show lower SSCE values, and 
their contact maps indicate a higher, albeit structural capturing capability, noise. This 
holistic approach ensures that cells with fewer overall contacts but significant structural 
patterns are not overlooked. Traditional quality control methods that rely solely on total 
contacts may inadvertently exclude cells with lower sequencing depths that still capture 
important structures. By incorporating SSCE, we can enhance the retention of cells that 
capture critical structures. Evaluation demonstrated that SSCE-based quality control 
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improves downstream clustering performance across multiple clustering metrics (Addi-
tional file 1: Fig. S7a, b, c and Additional file 1: Fig. S8a, b, c). Therefore, SSCE serves as a 
valuable complement to existing quality control measures for sc3DG-seq data, aiding in 
the downstream selection of single cells for further analysis.

scNucleome: a harmonized sc3DG‑seq database

Processing large-scale sc3DG-seq data from scratch under a unified framework remains 
a major challenge due to the high costs of computational resources. To fill this gap, we 
employed STARK to process approximately 2 million single cells from 28 sc3DG-seq 
datasets, encompassing over 40 sample types. This extensive effort has resulted in scNu-
cleome, currently the most comprehensive single-cell 3D genome database (Fig. 5a).

scNucleome facilitates data search by technology, sample type, and data source, ena-
bling precise and efficient data retrieval. For each dataset, we provide multi-dimensional 
data analysis results, including low-dimensional representation, cell clustering and anno-
tation, contact map visualization by HiGlass [62], and simulated 3D organization model 
by Mol* Viewer [63], allowing researchers to explore datasets from various perspectives 
(Fig. 5b). Furthermore, scNucleome offers a wide array of quality control metrics at both 
the dataset and single-cell levels, including library complexity, CM/DM read pair rates, 
total contacts, GiniQC, nDS, SSCE, and more. These metrics are designed to aid in fur-
ther experimental design, benchmarking and customizable cell filtration (Fig.  5c). We 
anticipate that this comprehensive platform will markedly accelerate research progress, 
providing a robust foundation for advancements in the field of 3D genome studies.

Discussion
In this study, we introduce STARK, a comprehensive computational framework 
designed to provide a unified and standardized approach for processing and analyzing 
a wide array of sc3DG-seq data. STARK encompasses three core modules—Preprocess, 
Cell QC, and Downstream Analysis – enabling unified data handling, extensive quality 
control, and an in-depth exploration of chromatin structures within individual cells.

A key strength of STARK lies in its adaptability to the diverse data formats and ana-
lytical requirements across the full spectrum of current sc3DG-seq technologies. This 
includes capabilities for processing data from both low and high-throughput technolo-
gies, as well as accommodating second and third-generation sequencing-based methods 
and single and multi-omics approaches. In addition, STARK introduces EmptyCells, a 
new quality control method tailored for high-throughput technologies, and proposes the 
SSCE, a new metric for evaluating the capture efficiency of chromatin structure in single 
cells. By systematically processing approximately 2 million single cells across 15 different 
sc3DG-seq techniques, STARK offers a comprehensive benchmarking of the strengths 
and limitations inherent to each method. This comprehensive assessment empowers 
researchers to make informed choices regarding the most suitable technology for their 
experimental objectives, whether they aim for high-through in cell number, high-resolu-
tion contact mapping, or the investigation of complex chromatin interactions.

Our benchmarking analysis reveals that different technologies exhibit complemen-
tary strengths suited to various research applications. For instance, technologies like 
scSPRITE and scNanoHi-C appear particularly well-suited for high-resolution structural 
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analysis and capturing higher-order chromatin interactions, while methods such as 
sciHi-C and snHi-C+ are more appropriate for high-throughput applications requir-
ing large cell numbers. Multi-omics approaches including HiRES, sn-m3C, LiMCA, 
GAGE-seq, and Paired Hi-C offer the potential for integrated analysis of 3D genome 
organization alongside additional gene expression and DNA methylation. The scNucle-
ome database serves as a resource to help researchers navigate these choices by provid-
ing technical specifications, performance metrics, and application examples that may 
inform technology selection based on specific experimental needs.

Fig. 5  Overview of the scNucleome database. a Milestones in the development of sc3DG-seq technologies 
(upper panel) and summary of the sc3DG-seq data collected in the database (lower panel). b Example of 
the analyses results and visualization choices available within the database. c Example of a quality control 
report (left) and radar visualization (right) for an individual cell available in the database, which offers a 
multi-dimensional view of the cell’s characteristics and quality metrics
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While STARK demonstrates broad compatibility with current sc3DG-seq technolo-
gies, there remain opportunities for further development. The framework currently 
focuses primarily on chromatin conformation data processing, and enhanced integration 
of multi-omics analytical capabilities could provide additional value. Similarly, expand-
ing the suite of advanced analytical features may further enhance STARK’s utility as a 
comprehensive analysis solution.

Nevertheless, the STARK framework represents a meaningful contribution toward 
addressing the analytical challenges posed by the growing complexity and volume of 
sc3DG-seq data. By providing a unified, standardized platform for data processing and 
quality control, STARK may facilitate more in-depth analyses and support continued 
discoveries in 3D genome organization research. The accompanying scNucleome repos-
itory, with its curated collection of uniformly processed datasets, has the potential to 
support collaborative efforts and contribute to progress in this evolving field.

Conclusions
This study introduces STARK, a computational framework designed for analyzing sin-
gle-cell 3D genome sequencing (sc3DG-seq) data. It features three key modules—Pre-
process, Cell QC, and Downstream Analysis—that provide a standardized approach for 
data processing, quality control, and chromatin structure analysis. STARK is versatile, 
supporting a wide range of data formats and sequencing methods, including both low- 
and high-throughput technologies. It also introduces two innovations: the EmptyCells 
quality control method for high-throughput data and SSCE, a metric for evaluating 
chromatin capture efficiency. By processing data from ~ 2 million single cells across 15 
sc3DG-seq techniques, STARK helps researchers choose the most appropriate technol-
ogy for their needs.

Methods
STARK framework

STARK is a software suite designed to manage the complete analysis workflow for 
sc3DG-seq data. It comprises three main modules, each tailored to address specific 
stages of the workflow: (a) STARK.Preprocess, (b) STARK.Cell QC, and (c) STARK.
Downstream Analysis. The following sections are the description of the implementation:

(a)	STARK.Preprocess

We initiate the preprocessing by performing sequence quality control and adap-
tor trimming on the raw fastq files from sc3DG-seq data using fastp [64] with default 
parameters. This step yields trimmed fastq files. For technologies that do not involve 
bisulfite conversion, the trimmed fastq files are aligned to the reference genome (hg38/
mm10) using one of the aligners: BWA, Bowtie2, or minimap2 [65–67], selected based 
on the characteristics of the sequencing technology. For sn-m3C and scMethyl technolo-
gies, a two-round alignment approach is employed. The first-round alignment is con-
ducted using bismark [68] to map the fastq files to the reference genome. Sequences not 
aligning in the first round are trimmed by 40-bp from both ends, and a second alignment 
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round is performed using the same settings. The alignment results are stored into BAM 
format and are subsequently filtered and sorted using samtools [69].

Next, we proceed to parse the BAM files to generate "pairs" files, we apply stringent 
filtering criteria to ensure high-quality pairs: only pairs with a mapping quality score 
(mapq) of 30 or higher for both fragments are retained. Subsequently, we use the STARK 
to generate whole-genome enzyme cutting sites for respective experimental enzymes and 
assign the nearest restriction sites to each alignment in a pair. For high-throughput tech-
nologies, including scNanoHi-C, snHi-C+, scHi-C, scHi-C+, and scSPRITE, we extract 
cell barcode from the raw sequencing files, linking each read to its originating single cell. 
Using cell barcodes, we demultiplex the contacts in the "pairs" files down to the single-cell 
level. The "pairs" files are then sorted, deduplicated and filtered to eliminate PCR dupli-
cates and other artifacts. Finally, we convert the "pairs" format to the "cool" format, cor-
rect the contact matrix, and generate single-cell multi-resolution "cool" files.

(b)	STARK.Cell QC

Quality control on cell level is a critical step to filter out low-quality single cells in 
high-throughput sequencing data analysis. We develop the "EmptyCells" algorithm to 
perform this task (details provided below). Initially, the algorithm removes single cells 
with fewer than T contacts. It then models the bottom 5% of cells with lowest contacts 
and applies a Monte Carlo simulation method to test each cell, identifying and remov-
ing those that are significantly low-quality. Cells that pass this filtering are considered to 
have high-quality single-cell 3D structures.

Next, we implement a wide range of quality control (QC) metrics to provide a compre-
hensive assessment for each single cell. These QC metrics include the total contact num-
ber, genomic coverage, the rates of short-range (< 20 Kb), mid-range (20 kb—2 Mb), and 
long-range (> 2 Mb) contacts, GiniQC, normalized Detection Scores (nDS), and a newly 
developed metric – the Spatial Structure Capture Efficiency (SSCE). The SSCE is designed 
for a more nuanced assessment of the structural capture efficiency in single cells. These 
metrics are discussed in greater detail in the corresponding section of the Methods.

(c)	STARK.Downstream Analysis

1.	 Imputation via Random Walk with Restart (RWR)

The RWR algorithm is a variant of the traditional random walk technique. It is 
designed to explore the graph by randomly walking through its nodes, with the added 
feature that at each step, there is a probability the walk will "restart" and return to a pre-
defined starting node. We implement this algorithm, as referenced in previous research 
[34], for the interpolation of single-cell 3D genome data.

First, we construct a probability transition matrix (P) by normalizing the single-cell 
contact matrix (A) such that each row sums to 1. The walk restarts at the starting node 
with a probability r, and with the probability 1 − r, it proceeds to a neighboring node. 
The goal is to find the steady-state π which represents the matrix given the restart prob-
ability r. The RWR is solved iteratively through the following steps:
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1.	 Initialization: Start with an initial probability vector π0 = A.
2.	 Iteration: Update π using the formula: πt+1 = (1 − r)Pπt + rA. P is the transition prob-

ability matrix.
3.	 Convergence: Repeat the iteration until π converges, when || πt+1—πt ||< 10–6.

Upon completion of the iterations, we obtain πt+1 which serves as the imputed single-
cell contact matrix.

2.	 Dimensionality reduction and clustering

sc3DG-seq data is typically represented as a two-dimensional (2D) contact matrix for 
each chromosome. However, this format is not conducive to dimensionality reduction 
processes. To address this, we flatten each 2D matrix into a one-dimensional (1D) vec-
tor, and then concatenate these vectors to create a long vector representative of each 
cell’s data. We proceed by normalizing the data with respect to library size to adjust for 
differences in sequencing depth. For dimensionality reduction, we apply Principal Com-
ponent Analysis (PCA) to the normalized data. This allows us to extract the primary 
principal components (PCs) that capture the most variance within the dataset. Subse-
quently, we utilize Uniform Manifold Approximation and Projection (UMAP) [70] to 
transform the PCs into a two-dimensional (2D) representation. Additionally, STARK 
integrates advanced embedding methods including Higashi [35] and Fast-Higashi [40] 
which utilize hypergraph representation learning and tensor decomposition approaches 
to generate cell embeddings that capture complex chromatin interaction patterns. We 
also evaluated the embedding methods across multiple resolutions (10 kb, 50 kb, 100 kb, 
500 kb, and 1 Mb) using representative datasets, with results showing that both methods 
achieved relatively good performance at 500 kb resolution (Additional file 1: Fig. S9-12). 
Visualization on this 2D space facilitates the identification of patterns and structures 
within the data. For the clustering analysis, we employ the Leiden community detection 
algorithm, a method widely recognized for its effectiveness in the analysis of single-cell 
RNA sequencing (scRNA-seq) data. This algorithm helps to identify clusters within the 
single-cell data, providing insights into the cellular heterogeneity and potential cell types 
or states.

3.	 Cell aggregation

Given the sparsity of sc3DG-seq data, an integrated analysis of data from multiple cells 
is often beneficial. STARK facilitates this by enabling the aggregation of data from mul-
tiple single cells for subsequent analysis, employing a "clustering-before-aggregation" 
strategy to preserve biologically relevant cellular heterogeneity. Specifically, STARK first 
uses clustering algorithms (such as scHiCluster) to identify cell subpopulations with 
similar chromatin conformation characteristics, then performs signal aggregation only 
within the same subpopulation. The aggregation is mathematically represented by the 
equation:
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Matrix A denotes the integrated 3D genome data from multiple cells, and ak represents 
the single-cell 3D genome data from the k-th cell. The indices i and j indicate the genomic 
positions of interactions. This aggregation function serves to generate a pseudo-bulk dataset 
that represents cell types or clusters of interest. The creation of pseudo-bulk data allows for 
the enhancement of signal-to-noise ratio and can reveal patterns that may not be evident 
when analyzing single cells in isolation. This approach is particularly useful for downstream 
analyses such as identifying consensus chromosomal structures, studying cell type–specific 
interactions, and exploring the organization of the genome across different cellular states.

4.	 Detecting chromatin structure

Analyzing 3D genome sequencing data to identify A/B compartments, Topologically 
Associating Domains (TADs), and chromatin loops is crucial for understanding the spa-
tial organization of chromatin and its role in gene expression and regulation. Below are 
the methods we implemented for identifying these three structural features in STARK:

A/B Compartments: We begin by conducting Principal Component Analysis (PCA) 
on preprocessed contact matrices. PCA helps capture interaction patterns between 
chromatin regions and projects them into the principal component space. The first 
principal component (PC1) is analyzed for positive and negative values by gene den-
sity, allowing us to distinguish A compartments, which are associated with active 
regions, from B compartments, which are inactive.
TAD Identification: We apply the Insulation Score algorithm [71] to the contact 
matrix. This score detects TAD boundaries by calculating the average change in con-
tact frequency within sliding windows along the chromatin sequence. Significant 
increases in Insulation Score values indicate TAD boundaries.
Loop Identification: The process of identifying loops involves pinpointing significant 
hotspots in the contact matrix, which represent frequent interactions between dis-
tal genomic locations. We employ peak calling methods [71] to identify these loops, 
using statistical analysis to filter hotspots in the contact matrix and identify regions 
with significantly higher interaction frequencies compared to the background.

These methods provide a comprehensive approach to detecting key chromatin struc-
tures that are vital for elucidating the complex interactions within the genome.

5.	 Modeling 3D-genome structures

Reconstructing the 3D structure of chromatin from a contact matrix involves several 
steps. Initially, the contact matrix undergoes preprocessing to eliminate noise and adjust 
its resolution. Following this, distance constraints are derived from the matrix, which 
serve as the foundation for establishing the 3D structure. Then, Monte Carlo simulation 
is employed to find chromatin structures that align with these constraints. We refer to 
the nuc_dynamics [48] for the code implementation of this function.

A i, j =
n

k−1

ak i, j
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EmptyCells

sc3DG-seq technologies are broadly categorized into two approaches: low-throughput 
non-barcoded and high-throughput barcoded methods. Non-barcoded methods involve 
the precise isolation of individual cells, which are then subjected to library construction 
and sequencing. In contrast, barcoded methods allow for the high-throughput sequenc-
ing of multiple cells simultaneously by incorporating cell barcodes. While barcoded 
methods enable the sequencing of a larger number of cells per experiment, it can result 
in a substantial variation in the number of contacts captured from each cell. Therefore, 
the effective filtering of low-quality cells is critical. Common quality control approach 
rely on total contact number thresholds to filter cells/barcodes. However, this approach 
have limitation, as library preparation efficiencies can vary among barcodes. Moreover, 
stringent thresholds may inadvertently exclude cells with less compact chromatin struc-
tures, which could be particularly problematic when analyzing cell-state transitions [17].

Inspired by EmptyDrops [72] and Cellranger (10 × Genomics, version 7.0.1), We pro-
pose a two-step method for filtering low-quality cells in sc3DG-seq data: (i) Preliminary 
filtering by setting a low threshold based on the total number of contacts to remove low-
quality cells with insufficient sequencing or capture efficiency. (ii) Further refinement 
by modeling the profile of these low-quality cells to enhance the filtering process. We 
hypothesize that high-quality cells exhibit a diverse array of interaction types. There-
fore, we incorporate the variety of interactions between different chromosomes as a 
key feature in our model. Mathematically, all barcodes of a sample can be represented 
as A = ybg ∈ RN×} , where ybg denotes the number of contacts for interaction type g in 
barcode b , N denotes the total number of barcodes, and } denotes the interaction type. 
Notably, we exclude interaction types that are not present in all barcodes from our anal-
ysis to maintain consistency and accuracy in the filtering process.

In the first step, we establish a threshold T based on the total number of contacts per 
barcode. Barcodes that have fewer contacts than T are considered incomplete or of low 
quality and are therefore removed. Importantly, a barcode exceeding the threshold T 
does not necessarily indicate a complete cell representation; it may still only capture a 
subset of contacts from a cell. We define the threshold T as follows:

where α is a hyperparameter, which we set to 0.01, f(·) calculates the median value of the 
barcode contact vector Ab , which is represented as the sum of contacts across all inter-
action types per barcode:

Barcodes that fall below this threshold T are discarded, while the remaining bar-
codes proceed to the next step of the filtering process.

To construct the profile of low-quality barcodes, we selected a subset of barcodes 
characterized by a low number of contacts, specifically selecting the bottom 5% to 
form a set we designate as G . We then calculated A as the sum of contacts across all 
barcodes in G:

T = max
(
500,αf (Ab)

)
,

Ab =
∑

g∈}
ygb.
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yielding a contact vector A =
(
A1, . . . ,A}

)
.

We apply the Simple Good-Turing algorithm to Ag to obtain the posterior expec-
tation p̂g , representing the probability of sampling a contact from an interaction 
type g . This method ensures that even contact types with zero observed contacts are 
assigned non-zero probabilities, thereby preventing undefined values in subsequent 
calculations [73].

For a given barcode b , the total number of contacts is denoted as tb and can be mod-
eled using a Dirichlet multinomial distribution. The likelihood of obtaining contacts 
from barcode b conditional on tb , is defined as follows:

where αg = βp̂g β is a scaling factor used to assess the importance of p̂g in sampling 
from A . By modeling overdispersion in contact types through the estimation of β , our 
model accounts for broader range of variability in contact numbers than a simple mul-
tinomial model would allow. For example, a lower β value signifies a greater dispersion 
level in contact type, which could be due to variations in capture efficiency or differ-
ences in library amplification. This approach allows for more accurate p-value calcula-
tion when evaluating if a barcode deviates significantly from the low-quality set.

We employ the Monte Carlo simulation method to calculate the p-value for each 
barcode. For each iteration i of a given barcode, a new contact number vector is ran-
domly sampled. The likelihood L′bi is then calculated based on the posterior expecta-
tion p̂g,the corresponding total number of contacts tb and the scaling factor β . The 
count Rb of likelihoods from the R round simulation that are less than Lb is utilized to 
compute the p-value [74]:

This approach allows us to quantitatively assess the quality of each barcode and 
to filter out those that do not meet the predetermined quality thresholds, thereby 
enhancing the reliability of downstream analyses.

To validate EmptyCells’ effectiveness in retaining structurally informative cells, 
we systematically compared its performance against traditional sequencing depth-
based filtering. Comparative analysis revealed that cells retained by EmptyCells but 
filtered by depth thresholds still maintain distinct 3D chromatin structural features, 
with meta cells showing comparable correlation levels to bulk Hi-C data (Addi-
tional file 1: Fig. S14a, b). This demonstrates that EmptyCells successfully recovers 
structurally informative cells that would be discarded by conventional depth-based 
approaches, thereby maximizing the retention of high-quality single-cell data for 
downstream analysis.

Ag =
∑

b∈G
ygb,

Lb =
tb!Ŵ(α)
Ŵ(tb + α)

N∏

g=1

Ŵ
(
ybg + αg

)

ybg !Ŵ
(
αg

) ,

Pb =
Rb + 1

R+ 1
.
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SSCE

Spatial Structure Capture Efficiency (SSCE) is introduced as a quantitative met-
ric designed to evaluate the efficacy of single-cell sequencing in capturing the chro-
matin structural information. It is crucial to recognize that while the total number of 
sequenced contacts can vary significantly among cells, a lower count does not necessar-
ily indicate inferior sequencing quality. Such a result may simply reflect the capture of 
a specific subset of the chromatin architecture, which can still have substantial biologi-
cal implications. Conversely, a high number of detected contacts does not guarantee the 
biological relevance of these interactions or confirm an accurate representation of the 
cell’s chromatin spatial organization. With this in mind, we introduce a novel indicator, 
termed Spatial Structure Capture Efficiency (SSCE), which quantifies the proportion of 
intra-cellular contacts contributing to the formation of the cell’s chromatin architecture. 
This metric is essential for a more nuanced understanding of the structural fidelity of 
single-cell sequencing data. The SSCE are calculated as follows:

where T , A , I , and B are derived from fitting the following regression:

In this equation, Ci denotes the aggregate count of contacts associated with chromo-
some i , interi represents the number of interactions that chromosome i engages in with 
other chromosomes in the genome. Tadi corresponds to the count of TAD boundaries 
identified on chromosome i at a resolution of 40 kilobases, which is pivotal for elucidat-
ing chromatin domain organization. abi ​ signifies the count of A/B compartment switches 
for chromosome i determined at a resolution of 100 kilobases, providing insights into 
the chromatin’s compartmentalization. The constant B in the equation serves two critical 
roles. Firstly, it accounts for contacts that cannot be attributed to any specific chromo-
somal structure feature. Secondly, it includes contacts that may result from technical or 
systematic errors during the sequencing process. To ensure the accuracy of the model, 
any chromosomes where all variables are nullified are systematically excluded from the 
regression analysis.

Considering the inherent collinearity between the counts of abi ​ and tadi ​, we employ 
Ridge regression as our fitting method. The coefficients derived from the Ridge regres-
sion model are then utilized to compute the SSCE. It is logical to infer that higher values 
of structural features abi and tadi , along with lower values of non-structural features B 
and I , contribute to higher SSCE scores. An elevated SSCE score, therefore, implies a 
more thorough and precise depiction of the single-cell chromatin structure. Addition-
ally, we have confirmed that the loss of contacts due to various factors can result in a 
decrease in SSCE (Additional file 1: Fig. S4b). SSCE calculation demonstrates efficient 
computational performance, with processing time scaling linearly with sequencing 
depth as shown in the benchmarking analysis (Additional file 1: Fig. S1d).

SSCE =
T+ A

I+ C
,

Ci ∼ B+ I ∗ interi + T ∗ tadi + A ∗ abi.
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GiniQC and genomic coverage

We employ GiniQC [57] to quantify the internal noise in sc3DG-seq data. GiniQC is 
also utilized within the STARK framework for data quality assessment. Genomic cover-
age is determined based on a deduplicated contact matrix, providing an essential meas-
ure for evaluating the distribution and comprehensiveness of the data. To thoroughly 
dissect the genomic interaction landscape, we compute genomic coverage at three res-
olutions: 10  Kb, 40  Kb, and 100  Kb. These varying resolutions allow for a multi-scale 
analysis, enhancing our understanding of the 3D genome organization of the genome.

Duplication rate and library complexity

The duplication rate and library complexity were assessed using ’pairtools dedup’. To 
effectively remove PCR duplicates, we utilized the ’–max-dist 3’ parameter during the 
deduplication process. The library complexity estimate was derived from the intrinsic 
estimation method implemented within pairtools. This metric provides a proxy for the 
number of unique molecular identifiers (UMIs) expected in a hypothetical, duplicate-
free library. For the purpose of visualizing and comparing these estimates across various 
datasets, we applied a log-normalization transformation.

Normalized detection scores for 3D genome structures

Normalized Detection Scores (nDS) are utilized to evaluate the clarity of 3D genome 
structures, including chromosome territories, A/B compartments, and TADs. We have 
refined the approach introduced in scSPRITE, leveraging the high-throughput capa-
bilities of single-cell sequencing while bypassing the requirement for pre-computed 
genome-wide 3D structural data. The Detection Scores (DS) are computed using 
the native contact matrix, which defines the frequency of interactions among various 
genomic bins. A higher DS for chromatin compartments in a cell, for instance, suggests 
a more pronounced preference for intra-chromosomal interactions over inter-chromo-
somal interactions. Detection scores were calculated for each structure in each cell as 
follows:

Chromosome territories

The unnormalized Detection Score (DS) for chromatin territories is calculated using the 
following formula:

Here,Ointra
chr  and Eintra

chr  represent the observed and expected intra-chromosomal con-
tact frequencies, respectively, while Ointer

chr  and Einter
chr  denote the observed and expected 

inter-chromosomal contact frequencies. The DS of chromatin territory is calculated 
in different chromtain interactions, such as chr1-chr2, and does not include the same 
chromosome interaction, such as chr1-chr1, with a contact map resolution of 100 Kb. 
Thus, taking detection score of the chr1 and chr2 as an example, Eintra

chr  is calculated as 
Nc
1 ∗ N

c
1 + Nc

2 ∗ Nc
2,where Nc

1 and Nc
2 are the number of bins of chr1 and chr2. Einter

chr  is 
calculated as Nc

1 ∗ N
c
2 ∗ 2 . Finally, DSterr of a single cell is the mean of the different chro-

matin interactions’ DS.

DSterr =
Ointra
chr

Eintra
chr

−
Ointer
chr

Einter
chr
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A/B compartments

In contrast to scSPRITE, which requires a prior bulk A/B compartment structural data, 
we leverage the high-throughput capacity of sc3DG-seq data. By merging the top 300 
cells with the most contacts from each dataset or the entire dataset, we generate a pseu-
dobulk data. This data is used to identify A/B compartments, creating a prior compart-
ment annotation for subsequent single-cell DS calculation. This approach avoids the 
need for prior bulk data, which may not always be available. The unnormalized DS of 
A/B compartments is calculated as follows:

Here, Ointra
AB  and Eintra

AB  represent the observed and expected contact frequencies 
within compartments, respectively, while Ointer

AB  and Einter
AB  denote the observed and 

expected contact frequencies between compartments. The DSAB of a cell is obtained by 
calculating the A/B compartment switches, which are transitions like ‘A-B-A’ or ‘B-A-
B’, derived from the pseudobulk. Thus, taking a ‘ A1-B1-A2 ’ with as an example, Eintra

AB  is 
calculated as NA

1 ∗ NA
1 + NB

1 ∗ NB
1 + NA

2 ∗ NA
2  , where NA

1  , NB
1  and NA

2  are the number 
of bins of A1 compartment, B1 compartment and A2 compartment. Einter

chr  is calculated 
as NB

1 ∗
(
NA
1 + NA

2

)
∗ 2 . Finally, DSAB of a single cell is the mean of all transition from 

pseudobulk. The calculation is performed on contact maps with a resolution of 100 Kb.

Topologically associating domains (TADs)

Similar to the calculation of A/B compartments, the prior TAD structure is derived from 
merged cells. The formula for calculating the DS of TADs is as follows:

Here, Ointra
TAD and Eintra

TAD represent the observed and expected contact frequencies within 
TADs, respectively, while Ointer

TAD and Einter
TAD denote the observed and expected contact fre-

quencies between TADs. For the calculation of DSTAD , the 10 bins before and after the 
boundary are taken as two TADs. Thus, the calculation of DSTAD is similar to the previ-
ous mentionded calculation method. The calculation is performed on contact maps with 
a resolution of 40 Kb.

Finally, we normalize the detection scores. For each structure in each cell, such as 
chr1-chr2 when calculating DSterr , ‘A-B-A’ or ‘B-A-B’ when calculating DSAB , and 10 
bins before and after the detected boundary when calculating DSTAD , we sample the bins 
from the corresponding cells to construct the same structure and calcaulated the cor-
responding DS which repeat 100 times to get the mean of the results as the expected DS 
(Additional file 1: Fig. S15a, b, c). Thus, the normalized detection scores(nDS) are calcu-
lated as the DS minus the expected DS.

Insulation score and A/B compartment

To compute insulation score (IS) and annotate A/B compartments from single-cell or 
pseudobulk 3D genome data, we utilized the cooltools package (https://​github.​com/​

DSAB =
Ointra
AB

Eintra
AB

−
Ointer
AB

Einter
AB

.

DSTAD =
Ointra
TAD

Eintra
TAD

−
Ointer
TAD

Einter
TAD

.

https://github.com/open2c/cooltools
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open2c/​coolt​ools). IS, which measures the degree of chromatin insulation, was calcu-
lated using a contact map with a 40-Kb bin resolution. We used a window size that is 
ten times the bin size. Specifically, the ‘cooltools.insulation’ function was utilized with 
the parameter ‘ignore_diag = 3’. A/B compartments were identified using a contact map 
with a 100-Kb resolution. The ‘cooltools.eigs_cis’ function was applied. We conducted a 
genome-wide computation without implementing specific filters to allow for a thorough 
analysis of genome compartmentalization. The parameter ‘n_eigs = 3’ was used to cap-
ture the principal eigenvectors, which are indicative of the primary compartment pat-
terns, with all other parameters remaining at their default settings.

Accumulative single‑cell quality analysis

For a comprehensive quality analysis of single-cell data, we implemented an iterative 
strategy to cumulatively aggregate individual cells based on either the top 300 cells with 
the highest contact counts or the entire dataset. This approach allows us to evaluate the 
consistency of 3D genome structure detection across cells within a sc3DG-seq dataset. 
To measure the similarity between the aggregated cells at each iteration and the final 
aggregate, we calculate the Intersection over Union (IoU) of the TAD boundaries. The 
IoU is calculated using the following formula:

Here, Ai ​ represents the set of TAD boundaries identified in the aggregated single-cell 
data at the ith iteration, and T represents the set of TAD boundaries in the final aggre-
gated cell. The IoU is a metric that quantifies the overlap between two sets of TAD 
boundaries. A higher IoU value signifies a greater degree of overlap, indicating higher 
consistency in the detected 3D structures. We applied a similar analytical framework 
for chromatin loop detection, where loop calling was performed using mainstream algo-
rithms (HiCCUPS and Mustache) on incrementally aggregated cell populations. For loop 
detection analysis, we assessed the capability of different technologies to detect loops as 
a function of cell aggregation level, determining the minimum number of cells required 
for reliable loop identification across different sc3DG-seq methods.

Clustering evaluation metrics

To evaluate the quality of clustering results derived from cell embeddings at various res-
olutions, we employed a comprehensive set of external and internal validation metrics. 
External metrics utilize ground-truth cell type labels to assess the agreement between 
predicted clusters and true classifications, while internal metrics evaluate clustering 
coherence based on the data structure and cluster assignments. All metrics were com-
puted using the scikit-learn library in Python, with K-means clustering applied to the 
embeddings, setting the number of clusters equal to the number of unique ground-truth 
cell types. Below, we describe each metric and provide its mathematical formulation.

IOUi =
Ai ∩ T

Ai ∪ T
.

https://github.com/open2c/cooltools
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External validation metrics

These metrics quantify the correspondence between the clustering output and the refer-
ence labels.

1.	 Adjusted Rand Index (ARI): Measures the similarity between two clusterings by con-
sidering all pairs of samples and counting pairs assigned to the same or different clus-
ters in both the predicted and true clusterings, adjusted for chance.

	

	 where RI = a+b
( n2 )

 is the Rand Index, a is the number of pairs in the same cluster in 

both clusterings, b is the number of pairs in different clusters in both, 
(n
2

)
 is the total 

number of pairs, and E[RI] is the expected Rand Index under random labeling. Val-
ues range from −1 to 1, with 1 indicating perfect agreement.

2.	 Normalized Mutual Information (NMI): Quantifies the mutual dependence between 
the true labels and predicted clusters, normalized by the average entropy of the labe-
lings.

	

	 where MI(U ,V ) =
∑|U |

i=1

∑|V |
j=1

|Ui∩Vj|
N log

(
N |Ui∩Vj|
|Ui||Vj|

)
 is the mutual information, 

H(U) = −
∑|U |

i=1
|Ui|
N log

(
|Ui|
N

)
 is the entropy of U (and similarly forH(V ) ), U and V  

are the true and predicted label sets, and N  is the number of samples. Values range 
from 0 to 1, with 1 indicating perfect correlation.

3.	 Adjusted Mutual Information (AMI): An adjustment of mutual information that 
accounts for chance, similar to ARI.

	

	 where MI , H(U) , and H(V ) are as defined for NMI, and E[MI] is the expected 
mutual information computed via hypergeometric modeling of random label assign-
ments. Values range from approximately 0 to 1.

4.	 Homogeneity: Assesses whether each cluster contains only samples from a single 
class.

	

ARI =
RI− E[RI]

max(RI)− E[RI]
,

NMI(U ,V ) =
MI(U ,V )

1
2 [H(U)+H(V )]

,

AMI =
MI− E[MI]

1
2 [H(U)+H(V )]− E[MI]

,

h = 1−
H(C|K )

H(C)
,
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	 where H(C|K ) = −
∑|C|

c=1

∑|K |
k=1

nc,k
N log

(
nc,k
nk

)
 is the conditional entropy of classes 

given clusters, H(C) = −
∑|C|

c=1
nc
N log

(
nc
N

)
 is the entropy of classes, nc,k is the num-

ber of samples from class c in cluster k , nc and nk are the sizes of class c and cluster k , 
and N  is the total number of samples. Values range from 0 to 1.

5.	 Completeness: Measures whether all samples from a given class are assigned to the 
same cluster.

	

	 where H(K |C) and H(K ) are defined symmetrically to homogeneity, with entropies 
conditioned on classes instead of clusters. Values range from 0 to 1.

6.	 V-measure: The harmonic mean of homogeneity and completeness, providing a bal-
anced external metric.

	

	 where h is homogeneity and c is completeness. Values range from 0 to 1.
7.	 Fowlkes-Mallows Index (FMI): Computes the geometric mean of precision and recall 

for pairs of samples.
	

	 where TP is the number of true positive pairs (same cluster and same class), FP is 
false positives (same cluster but different classes), and FN is false negatives (different 
clusters but same class). Values range from 0 to 1.

Internal validation metrics
These metrics evaluate clustering quality based on intrinsic data properties, without ref-
erence labels.

1.	 Silhouette Score: Quantifies how similar a sample is to its own cluster compared to 
other clusters.

	

	 where a(i) = 1
|Ci|−1

∑
j∈Ci ,j �=i d

(
i, j
)
 is the mean intra-cluster distance for sample i in 

cluster Ci , b(i) = mink �=i
1

|Ck |
∑

j∈Ck
d
(
i, j
)
 is the mean distance to the nearest cluster, 

c = 1−
H(K |C)
H(K )

,

v = 2 ·
h · c
h+ c

,

FMI =
TP

√
(TP+ FP)(TP+ FN)

,

s(i) =
b(i)− a(i)

max
{
a(i), b(i)

} ,
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and d
(
i, j
)
 is the distance metric (e.g., Euclidean). The overall score is the mean s(i) 

across all samples, ranging from −1 to 1 (higher is better).
2.	 Calinski-Harabasz Index (CH): Also known as the variance ratio criterion, it meas-

ures the ratio of between-cluster dispersion to within-cluster dispersion.
	

	 where BCSS is the between-cluster sum of squares, WCSS is the within-cluster sum 
of squares, k is the number of clusters, and N  is the number of samples. Higher val-
ues indicate better clustering.

3.	 Davies-Bouldin Index (DB): Evaluates the average similarity ratio of each cluster to 
its most similar cluster.

	

	 where Si =
(

1
Ti

∑Ti
j=1 � xj − ai�

q
q

)1/q
 is the within-cluster scatter for cluster i (with 

centroid ai , size Ti , and norm parameter q ), and Mij =� ai − aj�p is the distance 
between centroids (with norm parameter p ). Lower values indicate better clustering.

Overall ranking calculation
To integrate the diverse metrics into a single comparative ranking across configurations 
(e.g., different embedding resolutions), a normalized combined score was computed. For 
each metric, scores were preprocessed if necessary and normalized using min–max scal-
ing across all configurations:

1.	 For the Davies-Bouldin index (where lower values are preferable), scores were 
inverted as:

	

	 to align with metrics where higher is better. Infinite or NaN values were replaced 
with twice the maximum observed value or a large constant

2.	 For all metrics (post-inversion for DB), normalization was applied as:
	

CH =
BCSS/(k − 1)

WCSS/(N − k)
,

DB =
1

k

k∑

i=1

max
j �=i

(
Si + Sj

Mij

)
,

D̃B =
1

1+ DB
,

m̃c =
mc −min(m)

max(m)−min(m)
,
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	 where mc is the metric value for configuration c , and min(m) and max(m) are the 
minimum and maximum values of metric m across configurations. If all values for a 
metric were identical, a normalized value of 0.5 was assigned.

3.	 The combined score for each configuration was the arithmetic mean of its normal-
ized metric values.

4.	 Configurations were ranked in descending order of combined scores to identify the 
overall best performers.

This approach ensures a balanced, multi-faceted evaluation, mitigating biases from 
individual metrics.
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92], GSE196300 [51, 93], GSE171159 [45, 94], GSE130585 [45, 95], GSE132264 [47, 96], and GSE100569 [53, 97]. scMethyl 
datasets were downloaded from GEO under accession GSE119171 [21, 98]. LiMCA datasets were downloaded from GEO 
under accessions GSE239969 [25, 99] and GSE240114 [25, 99]. GAGE-seq datasets were downloaded from GEO under 
accession GSE238001 [26, 100]. Droplet Hi-C and Paired Hi-C datasets were downloaded from GEO under accession 
GSE253407 [27, 101]. 
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