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Abstract 9 

Extreme sparsity in single-cell 3D genome data obscures topologically associating domain 10 

(TAD) boundaries and limits the characterization of structural heterogeneity. Here, we 11 

introduce CellRoB, a computational framework that integrates single-cell boundary 12 

detection with cross-cell alignment to improve boundary identification while preserving cell-13 

specific variation. Benchmarks on mouse brain Dip-C and human GM12878 scMicro-C 14 

data demonstrate improved accuracy and robustness to contact dropout across resolutions 15 

from 40 kb to 5 kb. CellRoB further defines and characterizes rare boundaries shared by 16 

only a small fraction of cells, revealing low-frequency structural variation obscured by 17 

population averaging. These boundaries carry cell-type information and exhibit distinct 18 

functional associations. Applied to multimodal mouse embryo data, boundary-strength 19 

profiles resolve two epiblast and primitive streak (EPI) subpopulations not separated in the 20 

RNA-derived embedding, with transcriptional differences suggesting distinct 21 

developmental tendencies. Together, CellRoB enables reliable single-cell TAD boundary 22 

identification, reveals biologically informative rare boundaries, and establishes boundary 23 

strength as a structural feature for resolving cellular heterogeneity. 24 
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Introduction 28 

The three-dimensional organization of chromatin contributes to transcriptional regulation, 29 

DNA replication and chromosome segregation1–8. By bringing distant genomic elements 30 

into spatial proximity, chromatin folding facilitates interactions between regulatory elements 31 

and their target genes9–10. Chromosome conformation capture technologies, particularly 32 

Hi-C, have revealed multiple levels of genome organization, including A/B 33 

compartments4,11, topologically associating domains (TADs) 12–14 and chromatin loops 4,15–34 

16. Compartments reflect large-scale segregation of active and inactive chromatin, whereas 35 

loops represent specific point-to-point interactions that often mediate specific regulatory 36 

contacts 4,11,15–20. At an intermediate scale, chromatin domains such as TADs and their 37 

hierarchical variants provide a mesoscale organizational framework that partitions the 38 

genome into regulatory units 6,12–14,21–24. Among these architectural features, domain 39 

boundaries are of particular importance, as they insulate neighboring domains and 40 

constrain regulatory interactions within defined genomic intervals 21,25. Disruption of 41 

domain boundaries can lead to aberrant enhancer-promoter communication and is strongly 42 

associated with altered gene expression and disease phenotypes 6,26–27.  43 

Single-cell 3D genome technologies enable the investigation of chromatin 44 

organization beyond population averages, but extreme sparsity and technical noise make 45 

domain boundaries difficult to identify reliably 28–31. Weak boundary signals may remain 46 

undetected, while uncertainty in boundary positions complicates comparisons across cells. 47 

Consequently, observed boundary differences can reflect both biological heterogeneity and 48 

technical variability. Computational approaches, including scHiCluster 32, Higashi 35, 49 

DeTOKI 33, as well as clustering and optimization-based methods such as DeDoc2 36, 50 

HiCS 37 have advanced single-cell chromatin analysis through contact imputation, 51 

representation learning and domain detection. However, recovering domain structures 52 

does not by itself establish a consistent boundary representation across cells. Even when 53 

information is shared during imputation or representation learning, positional discrepancies 54 

among downstream boundary calls can hinder systematic comparison of boundary 55 

occurrence and strength. 56 

This challenge is particularly important for boundaries shared by only a small fraction 57 

of cells. Aggregating single-cell contact maps strengthens recurrent structural signals but 58 

can obscure low-frequency boundaries, limiting access to potentially informative cellular 59 

variation. Conversely, analyzing boundary calls independently makes it difficult to 60 

determine whether nearby calls represent a shared boundary or distinct structural features. 61 

A framework that improves cross-cell comparability while retaining cell-specific information 62 

is therefore needed to distinguish widely conserved boundaries from rare boundaries and 63 

examine their biological associations. Such a representation would also enable 64 

assessment of whether quantitative boundary variation can reveal cellular states beyond 65 

those resolved by transcriptomic analysis. 66 

Here, we present CellRoB, a computational framework for robust identification and 67 

comparison of single-cell chromatin domain boundaries. CellRoB integrates contact-map 68 

imputation and single-cell boundary detection with a population-aware alignment 69 

procedure. It models recurrent boundary regions and aligns boundary positions by 70 



minimizing an insulation-score loss, improving cross-cell comparability while retaining cell-71 

specific structural variation. Benchmarks on mouse brain Dip-C and human GM12878 72 

scMicro-C data38–39 demonstrate improved boundary detection accuracy and robustness 73 

to contact dropout and bin-size variation, with evaluations spanning 40 kb to 5 kb. 74 

Beyond boundary detection, CellRoB enables the definition and systematic 75 

characterization of rare boundaries alongside weakly and strongly conserved boundaries. 76 

These classes exhibit distinct epigenetic and functional associations, with rare boundaries 77 

retaining information about cell identity. Applied to paired chromatin conformation and 78 

transcriptomic profiles from mouse embryos40, CellRoB-derived boundary-strength profiles 79 

resolve two subpopulations within the epiblast and primitive streak (EPI) group that are not 80 

separated in the RNA-derived embedding. Their transcriptional differences suggest distinct 81 

developmental tendencies, highlighting the value of quantitative boundary variation for 82 

characterizing cellular states. Together, CellRoB links reliable single-cell boundary 83 

identification to the discovery of low-frequency structural variation and finer 84 

characterization of cellular heterogeneity. 85 

Results 86 

1. Performance evaluation of CellRoB on Dip-C datasets 87 

To benchmark CellRoB against existing approaches, we applied it to single-cell Dip-C data 88 

from Tan et al 39. for chromosome 6 at 40 kb resolution. Because no universally accepted 89 

gold standard exists for domain boundary annotation in 3D genomics, we adopted multiple 90 

complementary evaluation criteria to systematically assess algorithmic performance. First, 91 

we examined the enrichment of known boundary-associated factors. CTCF, a canonical 92 

insulator protein, was highly enriched around CellRoB-predicted boundaries (Figure 2a). 93 

Moreover, three major boundary-associated factors exhibited stronger enrichment at 94 

CellRoB boundaries than at those predicted by alternative methods, supporting the 95 

biological validity of our predictions (Figure 2a). Second, we assessed the consistency of 96 

boundary detection between structurally similar cells. For each cell, we identified its most 97 

similar counterpart based on cell embedding and formed cell pairs accordingly. We then 98 

compared the similarity of boundaries and domain sets within these pairs using the Jaccard 99 

Index (JI) and Measure of Concordance (MoC). CellRoB boundaries showed the highest 100 

JI and MoC values, indicating that they better preserve cross-cell consistency of domain 101 

boundaries and thus enhance comparability across cells (Figure 2b). Furthermore, when 102 

using boundaries as cell features for embedding, UMAP visualization demonstrated that 103 

CellRoB preserved cellular heterogeneity without over-smoothing (Figure S2c). Third, we 104 

tested reproducibility by generating two replicate Dip-C datasets in which 5% of contacts 105 

were randomly removed from each cell. For each cell, we compared boundaries detected 106 

in the replicate datasets. CellRoB and DeDoc2 achieved the highest reproducibility (JI and 107 

MoC), followed by HiCS, Higashi, and DeTOKI (Figure 2c). Finally, we evaluated 108 

robustness to noise by randomly dropping out 5%, 10%, 20%, and 40% of contacts from 109 

the chromatin contact matrices. For each cell, we constructed a reference boundary set by 110 

taking the predictions from all methods on the full data (see Methods), and quantified 111 

predictor accuracy using F1 score. CellRoB achieved the highest F1 scores across all 112 



noise levels, followed by DeDoc2 (Figure 2d, Figure S2a,b). 113 

Taken together, these results demonstrate that CellRoB can stably and accurately 114 

identify biologically meaningful domain boundaries from single-cell Hi-C data while 115 

maintaining cross-cell comparability. 116 

2. Performance evaluation of CellRoB on high-resolution scMicro-C 117 

datasets 118 

With the continuous advancement of single-cell Hi-C technologies, the contact number per 119 

cell has reached the million level, enabling high-resolution analyses of single-cell chromatin 120 

architecture. However, the robustness of existing domain boundary detection methods 121 

under such high-resolution settings has not been systematically evaluated. To further 122 

assess the robustness of CellRoB, we benchmarked its performance against 123 

representative methods on high-resolution scMicro-C datasets. 124 

A recently developed technique, scMicro-C, is capable of resolving 3D genome 125 

structures at kilobase resolution 38. We processed the scMicro-C datasets at multiple 126 

binsizes (40 kb, 30 kb, 20 kb, 10 kb, and 5 kb) to evaluate the robustness of various 127 

boundary detection algorithms under different resolutions for the downstream analysis. 128 

We found that CellRoB demonstrated strong robustness to varying binsizes. 129 

Specifically, the number of domain boundaries predicted by HiCS, DeDoc2, and DeTOKI 130 

increased exponentially as the bin size decreased, whereas CellRoB and Higashi did not 131 

show this pattern; for Higashi, this is expected because a predefined TAD-length parameter 132 

constrains the number of boundaries detected per cell (Figure 3a). Among all tested 133 

methods, CellRoB and Higashi achieved the highest MoC, followed by HiCS, DeTOKI, and 134 

DeDoc2 (Figure 3b,c). Furthermore, CellRoB exhibited consistently stronger enrichment of 135 

boundary-associated biological features than all other predictors, even at the finest 5-kb 136 

resolution (Figure 3d, Figure S4a). Similar to the Dip-C results, in the scMicro-C dataset, 137 

boundaries with higher conservation exhibited clear enrichment of architectural proteins 138 

such as CTCF, whereas rare boundaries did not (Figure S4b). 139 

We next performed Gene Ontology (GO) enrichment analysis on genes associated 140 

with weakly and strongly conserved boundaries in the scMicro-C dataset, in which all cells 141 

were synchronized in the G1 phase. These boundary classes were defined according to 142 

their occurrence frequencies across cells. The associated genes were significantly 143 

enriched in rRNA processing, ribosome biogenesis, and ncRNA processing. These 144 

functions are consistent with the biosynthetic activity of G1-phase cells as they prepare for 145 

DNA replication in the subsequent S phase (Figure 3e). 146 

These cross-resolution and biological validation results collectively indicate that 147 

CellRoB maintains stable performance and biological interpretability as the resolution 148 

increases, demonstrating its robustness for high-resolution single-cell 3D genome data. 149 

3. CellRoB reveals domain boundary heterogeneity and its association 150 

with cellular identity 151 

Aggregating single-cell Hi-C data into pseudo-bulk contact maps strengthens shared 152 

structural signals but can obscure boundaries present in only a small fraction of cells. By 153 

improving boundary comparability across individual cells, CellRoB enables direct 154 



characterization of boundary sharing and variation within a cell population. 155 

To evaluate performance, we further compared the conserved domain boundaries 156 

identified by CellRoB with those detected by TopDom 41, Insulation Score (IS) 12, and 157 

MSTD 42 from pooled single-cell Hi-C data. Boundaries detected by at least three methods 158 

were defined as benchmark references (see method). We subsampled the Dip-C dataset 159 

at varying cell numbers (10, 25, 50, 100, 200, 500, and 1000 cells). For each sampling 160 

depth, we computed the F1 score, precision, and recall for CellRoB, TopDom, IS, and 161 

MSTD against the benchmark. Across all sampling levels, CellRoB consistently achieved 162 

the highest F1 score (Figure 4a). When only 10 cells were used, CellRoB detected slightly 163 

fewer boundaries than MSTD; however, its F1 score, precision, and recall were all 164 

significantly higher (Figure 4a, Figure S3a,b,c). Although TopDom exhibited marginally 165 

higher precision at the 25- and 50-cell subsamples, it identified substantially fewer total 166 

boundaries (Figure S3a,b). Moreover, the boundaries predicted by CellRoB showed 167 

stronger enrichment for multiple canonical boundary-associated features, including CTCF, 168 

H3K4me3, and HK genes (Figure 4c). 169 

Because CellRoB operates directly on single-cell Hi-C data, it can detect domain 170 

boundaries present in only a small subset of cells, which are typically obscured in bulk Hi-171 

C analyses. Compared with TopDom, CellRoB detected more boundaries overall and 172 

showed a markedly improved ability to capture rare boundaries within the cell population 173 

(Figure 4b). We then grouped the aligned boundaries into rare, weakly conserved, and 174 

strongly conserved classes according to their occurrence frequencies across cells. These 175 

classes exhibited distinct epigenetic enrichment patterns, with rare boundaries showing 176 

limited enrichment for CTCF, H3K4me3, and HK genes (Figure 4d). 177 

We treated domain boundaries corresponding to each conservation class as features 178 

on UMAP, to evaluate whether different levels of boundary conservation could capture cell-179 

type–specific features. The embedding revealed that all three conservation classes 180 

enabled some degree of separation among cell types, indicating that even rare boundaries 181 

carry biologically meaningful information. We next performed GO enrichment analysis for 182 

genes associated with each boundary class. Genes near rare boundaries were enriched 183 

in terms related to nervous system development and neuronal differentiation (Figure 4e). 184 

Genes near weakly conserved boundaries were enriched in cellular response to stimulus, 185 

inflammatory response, and regulation of cell population proliferation (Figure 4f). In 186 

contrast, genes adjacent to strongly conserved boundaries were predominantly involved in 187 

cell division, chromosome segregation, and nuclear division (Figure 4f). Consistent with 188 

these patterns, the cell-type specificity of flanking genes increased as boundary 189 

conservation decreased. 190 

Together, these results demonstrate that CellRoB robustly identifies shared domain 191 

boundaries and improves the recovery of rare boundaries compared with pooled-data 192 

approaches. The distinct functional associations and cell-type information captured by 193 

different boundary classes highlight the value of boundary occurrence frequency for 194 

characterizing chromatin heterogeneity. 195 



4. CellRoB-derived boundaries resolves previously unrecognized 196 

developmental subpopulations 197 

With the growing availability of single-cell sequencing technology and the emergence of 198 

multimodal technologies that jointly profile chromatin conformation and gene expression, 199 

it is now possible to explore how 3D genome architecture contributes to cellular 200 

differentiation. We applied CellRoB to the HiRES dataset, which includes matched single-201 

cell Hi-C and RNA-seq profiles from the mouse brain 40. 202 

HiRES transcriptomic data revealed two major developmental lineages: a 203 

neuroectodermal trajectory and a mesenchymal trajectory, both originating from epiblast 204 

and primitive streak (EPI) cells. Notably, in the RNA-derived cell embedding, EPI was 205 

identified as a single homogeneous population. In contrast, when we constructed cell 206 

embeddings using domain boundary features detected by CellRoB, not only were the same 207 

two developmental trajectories recapitulated, but EPI cells were further subdivided into two 208 

distinct subpopulations (Figure 5a,b, Figure S5a). 209 

To explore the relationship between these two EPI subtypes and the subsequent 210 

developmental fates, we performed differential gene expression analysis. Interestingly, the 211 

differentially expressed genes between the two subtypes showed limited overlap with the 212 

highly variable genes used in the transcriptomic embedding (Figure S5b,c), potentially 213 

explaining why the RNA-based approach failed to resolve the heterogeneity within EPI. 214 

Although the subtype-to-lineage correspondence remains unclear, GO enrichment 215 

analysis of genes upregulated in each subtype provided informative clues. Genes 216 

upregulated in Subtype 1 were enriched in terms related to nervous system development, 217 

particularly neural tube closure, a key process during neural tube formation (Figure 5c). 218 

This observation is consistent with the presence of neural tube cells in the HiRES dataset, 219 

suggesting that Subtype 1 may represent an early neural precursor state. In contrast, 220 

Subtype 2 displayed enrichment for genes involved in non-neural developmental 221 

processes, such as spermatogenesis and limb development (Figure 5d), implicating a 222 

potential bias toward mesenchymal or non-neural lineages. 223 

Another noteworthy finding emerged when we assessed the nature of the domain 224 

boundary features. When using a binary representation (i.e., presence or absence of 225 

domain boundaries), EPI cells could not be subdivided into two subtypes, mirroring the 226 

result from RNA data. However, when we incorporated boundary strength quantified via 227 

insulation scores at each domain boundary, CellRoB successfully resolved the two EPI 228 

subtypes. Subtype‐level analysis revealed that differences in domain boundaries between 229 

subtypes manifest predominantly as changes in boundary strength, rather than through 230 

boundary loss or formation (Figure S5d). This result highlights that the key distinguishing 231 

factor between these two subpopulations lies not in the presence or absence of domain 232 

boundaries, but in the subtle modulation of boundary strength, suggesting a quantitative 233 

remodeling of 3D genome architecture during early lineage bifurcation. 234 

Discussion 235 

Single-cell 3D genome assays reveal chromatin variation that is obscured by 236 

population averaging, yet data sparsity makes domain boundaries difficult to identify and 237 



compare reliably. Recurrent boundaries may be detected at slightly different genomic 238 

positions across cells, complicating the distinction between technical uncertainty and 239 

biological heterogeneity. Our results suggest that some apparent boundary differences 240 

reflect positional variability within shared boundary regions. Accounting for this variability 241 

is therefore important for establishing comparable structural features across cells and 242 

interpreting their biological significance. CellRoB addresses this challenge by representing 243 

recurrent boundary calls as peak-like regions and aligning them through the minimization 244 

of an insulation-score loss. This population-aware approach improves cross-cell 245 

comparability while retaining variation in boundary occurrence and strength. Benchmarks 246 

on Dip-C and scMicro-C data support improved boundary detection accuracy and 247 

robustness to contact dropout and genomic resolution, including analyses at resolutions 248 

from 40 kb to 5 kb. These results highlight the value of explicitly modeling boundary 249 

positions across cells in addition to recovering sparse contact signals. Because increased 250 

consistency alone does not establish biological accuracy, the accompanying epigenomic 251 

enrichment and reproducibility analyses provide complementary support for the inferred 252 

boundaries. 253 

An important contribution of CellRoB is the definition and systematic characterization 254 

of rare boundaries shared by only a small fraction of cells. These low-frequency features 255 

can be obscured in pooled contact maps and difficult to recognize when boundary positions 256 

are inconsistent across cells. By distinguishing rare, weakly conserved and strongly 257 

conserved boundaries, CellRoB enables analysis of how boundary occurrence relates to 258 

cellular function. In mouse brain data, genes near rare boundaries were enriched for 259 

nervous system development and neuronal differentiation, whereas those near strongly 260 

conserved boundaries were associated with cell division and chromosome segregation. 261 

Rare-boundary features also retained information about cell identity. Together, these 262 

findings suggest that low-frequency boundaries capture a biologically informative 263 

component of chromatin heterogeneity, although their weaker enrichment for canonical 264 

boundary-associated factors warrants further investigation. 265 

Beyond boundary occurrence, our findings demonstrate the value of quantitative 266 

boundary strength for characterizing cellular states. In the HiRES mouse embryo dataset, 267 

boundary-strength profiles separated the RNA-annotated EPI group into two 268 

subpopulations that were not resolved in the RNA-derived embedding or using binary 269 

boundary features. This result indicates that variation in insulation strength can reveal 270 

structural heterogeneity without requiring boundary gain or loss. The distinct transcriptional 271 

programs of these subpopulations suggest different developmental tendencies, supporting 272 

the use of boundary strength as a complementary feature for studying early cellular 273 

diversification. Their precise relationships to subsequent lineages, however, remain to be 274 

established. 275 

Despite these advantages, CellRoB depends on input coverage and preprocessing 276 

choices, including imputation, genomic bin size and insulation-window size. Sharing 277 

information across cells may attenuate genuine structural differences, particularly in 278 

sparsely sampled populations. Its representation of recurrent boundary regions may also 279 

merge nearby but biologically distinct boundaries or inadequately capture complex 280 

positional distributions. In addition, rare-boundary classification depends on operational 281 



frequency thresholds and the composition of the sampled population; a boundary that is 282 

rare overall may be common within a particular cell type. Systematic sensitivity analyses, 283 

cell-type-aware comparisons and independent validation will be important for assessing 284 

these effects. Because single-cell boundary annotations lack a definitive gold standard, 285 

complementary experimental measurements will also be needed to establish the physical 286 

and functional significance of inferred boundaries. 287 

Overall, Overall, CellRoB provides a framework for connecting robust single-cell 288 

domain-boundary identification with the analysis of structural heterogeneity. Its ability to 289 

characterize low-frequency boundaries and quantify boundary-strength variation expands 290 

the information available for studying cellular identity and developmental states. Future 291 

integration with chromatin accessibility, architectural protein occupancy and imaging-292 

based measurements could further clarify how these boundary features relate to gene 293 

regulation and cell fate. 294 

Methods 295 

Single-cell 3D genome Data 296 

We used three single-cell 3D genome datasets for evaluation. First, we used the Dip-C 297 

dataset, with an average of 401,000 chromatin contacts per cell. For downstream analysis, 298 

the top 1,812 cells with more than 250,000 contacts were selected to ensure data quality. 299 

Second, we used multimodal data from HiRES, which simultaneously profiles chromatin 300 

contacts and gene expression in the same cells. Each cell contained on average 304,124 301 

Hi-C contacts and 27,897 RNA UMIs from 6,966 genes, and 4,273 cells with more than 302 

250,000 Hi-C contacts were retained for integrated analysis. Third, we included a scMicro-303 

C dataset to further evaluate CellRoB on an independent high-resolution single-cell 304 

chromatin contact dataset. 305 

Preprocess Contact Probability for each Chromosome of the individual cell 306 

We first applied Higashi to single-cell Hi-C contact matrices binned at 500 kb to obtain a 307 

cell–cell similarity matrix ࢃ, where ௜ܹ௝ denotes the similarity between cell ݅ and cell ݆. 308 

For each cell, we retained only its top ݇ = 15 nearest neighbors and set all other similarity 309 

values to zero, i.e., ௜ܹ௝ = 0. 310 

Such similarity matrices can also be derived from other structural features that 311 

distinguish cell types or from other omics data. The matrix ࢃ  captures phenotypic 312 

proximity between cells at a coarse resolution. We then used ࢃ  to impute the 40 kb 313 

contact map of each cell as follows:  314 

௜impࡴ  = ∑+೔rawࡴ ௐ೔ೕೕಿ=1 ∑+ೕraw1ࡴ ௐ೔ೕೕಿ=1 , (1) 315 

 where ࡴ௜raw ∈ ℝ஻×஻  is the observed 40 kb  contact map of cell ݅ , ܰ  is the total 316 

number of cells, and ܤ is the number of genomic bins in the contact map. 317 

Initial detection of single-cell domain boundaries 318 

Inspired by a previously proposed fast density-based clustering algorithm for grouping data 319 



points 43, we leveraged its strategy for identifying cluster centers to delineate domain 320 

boundaries along each chromosome in individual cells (Figure 1). Specifically, two indices 321 

were defined for each genomic bin. 322 

1) Insulation strength. The insulation strength ߩ(݅) of the ݅-th genomic position was 323 

defined as  324 

(݅)ߩ  = ூ೔intra−ூ೔interூ೔intra+ூ೔inter, (2) 325 

 where  326 

௜intraܫ  = ∑ ௣,௤∈[௜−௪, ௜−1]ܥ ,݌) (ݍ + ∑ ௣,௤∈[௜+1, ௜+௪]ܥ ,݌)  327 (3) ,(ݍ

௜interܫ  = ∑ ∑ ௤≥௜+௪+1௣≤௜−௪−1ܥ ,݌)  328 (4) ,(ݍ

 where ݌)ܥ, ݓ and 329 ,ݍ and ݌ denotes the Hi-C contact count between genomic bins (ݍ = 15, corresponding to 600 kb at 40 kb resolution. 330 

2) Minimum distance to a bin with higher insulation strength. For each bin ݅, the 331 

minimum distance between bin ݅ and any other bin ݆ with higher insulation strength was 332 

defined as  333 

(݅)ߜ  = min௝: ఘ(௝)>ఘ(௜)|௝−௜|≤ெ |݆ − ܯ  ,|݅ = 20 Mb
bin size

. (5) 334 

 If no such bin ݆ exists within the range ±ܯ, we set ߜ(݅) =  335 .ܯ

Let  336 

maxߩ  = max௜ maxߜ  ,(݅)ߩ = max௜  337 (6) .(݅)ߜ

 The two indices were then normalized as  338 

(݅)′ߩ  = ఘ(௜)ఘmax (݅)′ߜ  , = ఋ(௜)ఋmax, (7) 339 

 and combined to obtain  340 

(݅)ߟ  =  341 (8) .(݅)′ߜ(݅)′ߩ

 Thus, ߩ′(݅), (݅)′ߜ ∈ [0,1], and ߟ(݅) ranks genomic bins according to both insulation 342 

strength and spatial separation. 343 

All bins were ranked in descending order of ߟ(݅), yielding ߛ(݅) ∈ {1,… , ܰ}, where ܰ 344 

is the total number of genomic bins. The rank was normalized as  345 

(݅)′ߛ  = ఊ(௜)ே . (9) 346 

 The reflection point ݎ was determined by  347 

ݎ  = arg min1≤௜≤ே (݅)ߟ] +  348 (10) .[(݅)′ߛ

 This reflection point balances a high combined score with a low rank. Bins satisfying  349 

(݅)ߟ  > ߙ  ,(ݎ)ߟߙ = 40 kb
bin size

, (11) 350 



 were selected as the initial single-cell TAD boundary positions for the corresponding 351 

chromosome. 352 

This procedure integrates local insulation contrast ߩ , spatial separation ߜ , and a 353 

reflection-point cutoff ݎ to identify significant domain boundaries in individual cells.  354 

Defining the separation landscape of domain boundaries 355 

1) Raw boundary signal. For each genomic bin ݔ, the raw boundary signal was defined 356 

as  357 

 ܵraw(ݔ) = ௫ܤ ݔ  , = 1,… ,  358 (12) ,ܮ

 where ܤ௫ denotes the number of single cells exhibiting a TAD boundary at genomic 359 

bin ݔ, and ܮ is the total number of genomic bins along the chromosome. 360 

2) Signal smoothing. The raw boundary signal was smoothed by convolution with a 361 

uniform kernel:  362 

 ܵsmooth = ܵraw ∗ ℎ, (13) 363 

 where ∗ denotes the convolution operation and  364 

 ℎ[݉] = 1ெ ,  ݉ = 0,… ܯ, − ܯ  ,1 = ⌈ 40 kb
bin size

⌉. (14) 365 

Equivalently, the smoothed signal at genomic bin ݔ can be written as  366 

 ܵsmooth(ݔ) = ∑ ℎெ−1௠=0 [݉]ܵraw(ݔ − ݉). (15) 367 

3) Local valley detection. The set of local valleys in the smoothed boundary signal 368 

was defined as  369 

 ࣰ = (ݔ)smoothܵ | ݔ} < ܵsmooth(ݔ − 1), ܵsmooth(ݔ) < ܵsmooth(ݔ + 1)}. (16) 370 

 These local valleys partition the single-cell boundary positions into distinct groups. 371 

Cross-cell boundary alignment 372 

For each group ܩ , we sought a single consensus bin ̂ீݔ ∈  that minimized the total 373  ܩ

squared loss over only those cells with an existing boundary in 374 .ܩ 

Let  375 

 ࣝீ = {ܿ | ∃ ݅ such that ௜ܾ(௖) ∈  376 (17) {ܩ

 denote the set of cells containing a boundary within group ܩ. For each ܿ ∈ ࣝீ, let ݅௖ 377 

denote the position of the corresponding single-cell boundary. The loss for a candidate 378 

consensus bin ݔ ∈  was defined as  379 ܩ

(ݔ)ீܮ  = ∑ ,ܿ)ߩ] ݅௖) − ,ܿ)ߩ 2௖∈ࣝಸ[(ݔ , (18) 380 

 and the consensus boundary position was determined by  381 

ீݔ̂  = arg min௫∈ீ  382 (19) .(ݔ)ீܮ

 Here, ௜ܾ(௖) denotes a single-cell boundary located at genomic bin ݅ in cell ܿ, and 383 



,ܿ)ߩ ݅) denotes the insulation strength of genomic bin ݅ in cell ܿ. 384 

Boundary Conservation Classification 385 

For each aligned boundary, we define its conservation frequency as the proportion of cells 386 

in which the boundary is detected. Let ݊௜ denote the number of cells containing boundary 387 ݅, and let ܰ denote the total number of cells. The conservation frequency is calculated as 388 ௜݂ = ݊௜/ܰ. Boundaries are categorized as rare (1% ≤ ௜݂ < 10%), weakly conserved (10% ≤389 ௜݂ < 50%), or strongly conserved ( ௜݂ ≥ 50%). 390 

Jaccard Index 391 

Let ܤ(ܷ) and ܤ(ܸ) denote the sets of genomic bin coordinates corresponding to domain 392 

boundaries in cells ܷ and ܸ, respectively. The Jaccard index was then defined as  393 

,ܷ)ܬ  ܸ) = |஻(௎)∩஻(௏)||஻(௎)∪஻(௏)|, (20) 394 

 where | ⋅ |  denotes the cardinality of a set. The Jaccard index ranges from 0 , 395 

indicating that no boundaries are shared, to 1, indicating that the two boundary sets are 396 

identical. 397 

Measure of Concordance 398 

Let  399 ܷ = { ௜ܷ}௜=1௖   and  ܸ = { ௝ܸ}௝=1௦
 400 

 be two sets of TAD-like domains identified from an ݊ × ݊ Hi-C contact matrix, where 401 ܿ and ݏ denote the numbers of domains in ܷ and ܸ, respectively. We define  402 

௜݌  = |௎೔|௡ ௝ݍ  , = |௏ೕ|௡ ௜௝ݎ  , = |௎೔∩௏ೕ|௡ , (21) 403 

 where | ௜ܷ| and | ௝ܸ| denote the numbers of genomic bins contained in domains ௜ܷ 404 

and ௝ܸ, respectively, and | ௜ܷ ∩ ௝ܸ| denotes the number of bins shared by the two domains. 405 

Adapting the clustering-concordance metric proposed by Zufferey et al. 44, we treated 406 

each domain as a cluster of genomic bins. Using the normalized domain overlaps ݎ௜௝, the 407 

measure of concordance (MoC) was defined as  408 

 MoC(ܷ, ܸ) = {1,if ܿ = ݏ = 1,1√௖௦−1 (∑ ∑ ௥೔ೕ2௣೔௤ೕ௦௝=1௖௜=1 − 1) ,otherwise. (22) 409 

Benchmark Construction 410 

First, we applied each TAD-calling method to the same Hi-C contact map and collected the 411 

domain boundaries identified by each method. We then constructed a genome-wide 412 

boundary score profile using a boundary-voting strategy. 413 

Let ܯ denote the total number of TAD-calling methods. For each genomic bin ܾ, the 414 

boundary score was defined as  415 

 ܵ(ܾ) = ∑ ॴெ௠=1 (ܾ ∈  ௠), (23) 416ܤ



 where ܤ௠ denotes the set of boundaries identified by method ݉, and ॴ(⋅) is the 417 

indicator function. Thus, ܵ(ܾ) represents the number of methods that detected a boundary 418 

at genomic bin ܾ. 419 

Consecutive genomic bins with nonzero boundary scores, ܵ(ܾ) > 0, were merged into 420 

candidate boundary regions. For a candidate region ܴ , its method-support score was 421 

defined as  422 

 ܵ(ܴ) = ∑ ॴெ௠=1 ௠ܤ) ∩ ܴ ≠ ⌀). (24) 423 

 Candidate regions supported by more than 60% of all methods,  424 

 
ௌ(ோ)ெ > 0.6, (25) 425 

 were designated as benchmark boundary regions. 426 

Precision, Recall and F1‐Score 427 

Let ℬ denote the set of benchmark boundary regions, and let ܰ = |ℬ| be the number of 428 

contiguous nonzero-vote regions that satisfy the predefined length and voting thresholds. 429 

Suppose method ܣ  identifies ܯ  boundaries in total, of which ݉  overlap at least one 430 

benchmark boundary region. Among the ܰ benchmark regions, let ݊ denote the number 431 

that overlap at least one boundary identified by method 432 .ܣ 

The precision and recall of method ܣ were defined as  433 

 Precision = ௠ெ ,  Recall = ௡ே. (26) 434 

 The F1-score, defined as the harmonic mean of precision and recall, was calculated 435 

as  436 

 F1 = 2  Precision×RecallPrecision+Recall = 2  ೘ಾ೙ಿ೘ಾ+೙ಿ = 2௠௡௠ே+௡ெ. (27) 437 

 This metric provides a balanced assessment of the accuracy and completeness of 438 

method ܣ in recovering the benchmark boundary regions. 439 

Dataset availability 440 

We used three single-cell 3D genome datasets for evaluation. First, we used the Dip-C 441 

dataset, with an average of 401,000 chromatin contacts per cell. For downstream analysis, 442 

the top 1,812 cells with more than 250,000 contacts were selected to ensure data quality. 443 

Second, we used multimodal data from HiRES, which simultaneously profiles chromatin 444 

contacts and gene expression in the same cells. Each cell contained on average 304,124 445 

Hi-C contacts and 27,897 RNA UMIs from 6,966 genes, and 4,273 cells with more than 446 

250,000 Hi-C contacts were retained for integrated analysis. Third, we included a scMicro-447 

C dataset to further evaluate CellRoB on an independent high-resolution single-cell 448 

chromatin contact dataset. 449 

The Dip-C dataset is available from NCBI GEO under accession GSE146397 450 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE146397). 451 

The HiRES dataset is available from NCBI GEO under accession GSE223917 452 



(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE223917). 453 

The scMicro-C dataset is available from NCBI GEO under accession GSE281150 454 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE281150). 455 

Code availability 456 

The CellRoB software is available on GitHub at https://github.com/liushiji0511/CellRoB. 457 
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 570 

Fig. 1 | Overview of the CellRoB framework. a, Higashi embeddings project raw single-cell 571 

Hi-C contact maps into a low-dimensional space to identify structurally similar cells and impute 572 

missing contacts. b, Insulation scores are computed for each imputed cell to identify individual 573 

domain boundaries. c, Peak regions of single-cell boundaries are delineated genome-wide 574 

using an insulation-score threshold followed by Gaussian fitting. d, Boundaries within the same 575 

peak are aligned across cells by minimizing an insulation-score loss, yielding a consensus 576 

boundary set with improved intercellular consistency. 577 



 578 

Fig. 2 | Performance evaluation of CellRoB on the Dip-C dataset. a, Comparative analysis 579 

of epigenomic enrichment at boundaries identified by different methods. b, Comparison of 580 

boundary-detection consistency between nearest-neighbor cell pairs. c, Comparison of 581 

boundary-detection consistency between biological replicate pairs. d, Boundary-detection 582 

performance of different methods under increasing dropout rates in single-cell Hi-C data. 583 



 584 

Fig. 3 | CellRoB identifies shared single-cell domain boundaries and reveals 585 

conservation-dependent biological patterns. a, Boundary-detection robustness of different 586 

methods when subsampling different numbers of cells. b, Comparison of CellRoB and TopDom 587 

in detecting rare domain boundaries. c, Epigenomic enrichment at boundaries identified by 588 

different methods. d, Epigenomic enrichment at CellRoB-identified boundaries stratified into 589 

rare, weakly conserved, and strongly conserved classes. e, UMAP visualizations of Dip-C cells 590 

using features derived from rare, weakly conserved, and strongly conserved domain 591 

boundaries. f, Gene Ontology enrichment analysis of genes associated with the three 592 

boundary-conservation classes, showing distinct functional enrichment patterns. 593 



 594 

Fig. 4 | CellRoB identifies shared single-cell domain boundaries and reveals 595 

conservation-dependent biological patterns. a, Robustness comparison across methods 596 

when subsampling different numbers of cells. b, Comparison of CellRoB and TopDom in 597 

detecting rare low-frequency domain boundaries. c, Epigenomic enrichment at boundaries 598 

identified by different methods. d, Epigenomic enrichment at CellRoB-identified boundaries 599 

stratified into rare, weakly conserved, and strongly conserved classes. e, UMAP visualizations 600 

of Dip-C cells using features derived from rare, weakly conserved, and strongly conserved 601 

domain boundaries. f, Gene Ontology enrichment analysis of genes associated with the three 602 

boundary-conservation classes, revealing distinct biological functions. 603 



 604 

Fig. 5 | CellRoB-defined boundary features refine the characterization of cell 605 

developmental trajectories. a, UMAP visualizations of single-cell embeddings derived from 606 

CellRoB boundary features and RNA expression profiles. b, UMAP visualization highlighting 607 

the CellRoB-defined subpopulations of EPI cells. c, Gene Ontology enrichment analysis of 608 

genes upregulated in EPI Subtype 1. d, Gene Ontology enrichment analysis of genes 609 

upregulated in EPI Subtype 2. 610 
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