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Abstract 16 

Ultra-complex, repeat-rich polyploids and hybrid genomes with extensive identical-by-17 

descent regions pose a formidable challenge for chromosome-scale, haplotype-resolved 18 

assembly, since short-read chromatin conformation capture (3C) technologies such as Hi-C 19 

struggle to disambiguate their highly similar sequences. Long-read 3C technologies (e.g., 20 

Pore-C) provide potential to overcome this by generating multi-kilobase fragments, high-21 

order concatemers and native 5-methylcytosine (5mC) signals. Here, we first optimized the 22 

Pore-C to ePore-C (enhanced Pore-C) protocol for plant tissues, which markedly boosts 23 

sequencing yield and reduces the cost per gigabase. We then present C-Phasing, a 24 

comprehensive assembly pipeline that integrates ePore-C long reads, high-order concatemers 25 

and native 5mC methylation profiles to resolve and scaffold even the most challenging 26 

regions. By leveraging methylation-based anchoring and improved statistical modeling, C-27 

Phasing effectively rescues collapsed contigs and corrects chimeras, and increases both 28 

completeness and continuity of chromosome-scale assemblies. Fully compatible with both 29 

Pore-C and Hi-C data, C-Phasing outperforms existing tools across diverse polyploid 30 

genomes, including a modern cultivated sugarcane genome (aneuploid, 2n=9-12x=114), 31 

where it markedly enhances assembly quality and completeness over a previous reference. 32 

 33 

Keywords: polyploid, ultra-complex genome, genome assembly, haplotype-resolved, 34 

scaffolding 35 
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Introduction 36 

Polyploidy, the presence of more than two sets of chromosomes in an organism, is prevalent 37 

across various species, including plants, animals, and fungi1,2. Many polyploid species, such 38 

as wheat3, sweet potato4, sugarcane5, and many fishes6,7 are of significant importance to 39 

humans. Understanding the evolutionary history and improving breeding practices 40 

necessitates high-quality, haplotype-resolved and chromosome-scale genome assembly8,9. 41 

However, assembling polyploid genomes is inherently challenging due to their complex 42 

genomic structures10, which often include highly similar or identical homologous sequences 43 

that can lead to frequent misassembly and fragmentation. 44 

Recent advancements in sequencing technologies, particularly long-read sequencing 45 

methods like Pacific Biosciences (PacBio) circular consensus sequencing (CCS) or Oxford 46 

Nanopore Technologies (ONT) ultra-long11–13, along with long-range linkage techniques, 47 

such as Hi-C14,15, have become indispensable tools for assembling high-quality polyploid 48 

genomes. Several polyploid genomes, including those of wild sugarcane (Saccharum 49 

spontaneum) 16,17, cultivated alfalfa18,19, cultivated potato20–22, sweet potato23, and modern 50 

cultivated sugarcane24–26, have been successfully resolved by incorporating these innovative 51 

approaches. Our previous work demonstrated that Hi-C data could effectively phase and 52 

scaffold the genomes of wild sugarcane and cultivated alfalfa through the ALLHiC27 and 53 

HapHiC28 method. However, the genomic architecture of cultivated autopolyploid and allo-54 

autopolyploid crops (such as potato, sweet potato, and sugarcane) has become ultra-complex 55 

due to recent inbreeding and introgression, characterized by a high proportion of similar or 56 

near-identical genomic regions due to identical-by-descent (IBD)20,25. While Hi-C reads, 57 

generated on short-read sequencing platforms, offer high base accuracy, they often struggle 58 

with mappability in regions of high sequence similarity, complicating haplotype phasing and 59 

chromosome-scale scaffolding in ultra-complex polyploid genomes. 60 

To tackle these challenges, it is essential to incorporate additional genomic signals and 61 

employ more sophisticated assembly strategies. For instance, assembly of three tetraploid 62 

potato genomes and a hexaploid sweet potato genome required the sequencing of 63 

recombinant offspring populations or single-cell sequencing of pollen genomes20–23. 64 
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However, the reliance on genetic maps, pollen genomes, trio data, or single flow-sorted 65 

chromosome libraries is not always feasible. Ideally, polyploid assemblies should utilize 66 

widely available data types, such as HiFi reads, ultra-long reads, and Hi-C data29. While 67 

contig-level assembly using HiFi and ultra-long reads has been effectively addressed by tools 68 

like hifiasm30,31, challenges in haplotype phasing persist when relying solely on Hi-C data for 69 

ultra-complex polyploid assemblies. This is primarily due to the ambiguous mapping 70 

associated with the short 150-bp reads. The chance of ambiguous mapping tends to increase 71 

drastically as the repeat content, size, and ploidy of the target genome increase. 72 

A promising alternative to Hi-C is the new 3C technology, Pore-C, which functions 73 

similarly to Hi-C but relies on sequencing with the ONT platform. Pore-C generates 74 

remarkably longer reads, allowing for the detection of high-order chromatin interactions 75 

across broader genomic regions32. Additionally, Pore-C retains methylation information, 76 

offering structural and epigenetic insights crucial for genome assembly. However, existing 77 

tools have yet to fully harness the advantages of Pore-C’s long-read concatemers (a single 78 

molecule linking spatially proximal restriction fragments) and methylation features for 79 

haplotype-resolved assembly of ultra-complex polyploid genomes. 80 

The standard Pore-C workflow suffers from low sequencing yield for plants22,32,33, so we 81 

first addressed this by developing an optimized protocol (enhanced Pore-C, ePore-C) that 82 

dramatically increases throughput. We then introduce C-Phasing, a novel pipeline that 83 

leverages the features of Pore-C reads with several novel algorithmic improvements. First, C-84 

Phasing introduces a function of Hyperpartition, a hypergraph-based clustering algorithm 85 

that employs high-order concatemers for accurate contig grouping. Second, we develop 86 

Methalign, a methylation-aware alignment method that utilizes 5mC sites in Pore-C reads to 87 

refine ambiguous mapping based on the methylation profiles derived from long-read 88 

sequencing. Third, a collapsed contig rescue module identifies and recovers collapsed 89 

sequences by duplicating them into their respective groups, substantially improving the 90 

completeness of chromosome-scale assemblies. Using C-Phasing, we generated 91 

chromosomal-scale and haplotype-resolved genome assemblies for key crops with ultra-92 

complex genomes, such as hexaploid sweet potato and modern cultivated sugarcane. Fully 93 

compatible with both Pore-C and Hi-C data, our approach addresses assembly challenges 94 
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presented by these ultra-complex genomes and will accelerate the genetics research and 95 

breeding efforts for these vital crops.  96 

 97 

Results 98 

Problem statement of Hi-C scaffolding in ultra-complex polyploid genomes  99 

Hi-C scaffolding has demonstrated its utility in constructing chromosome-level 100 

assemblies for various organisms8. However, a significant challenge arises when applying Hi-101 

C scaffolding to ultra-complex polyploid genomes, as the short reads often lack sufficient 102 

sequence context to distinguish between homologous sequences efficiently (Supplementary 103 

Fig. 1a-d). We examined the Hi-C reads mapping results against four plant species with 104 

differing ploidies (Supplementary Table 1), including Sorghum bicolor (2n=2x=20)34, S. 105 

spontaneum (1n=4x=32)17, S. officinarum (2n=8x=80), and S. hybrid cultivar POJ2878 106 

(2n=10-12x=118). For the diploid sorghum genome, the ratio of uniquely mapped reads is 107 

49.54%; however, this value sharply decreases to 8.36% in the octoploid S. officinarum and 108 

7.92% in the ultra-complex hybrid sugarcane genome (Supplementary Fig. 2a). The 49.54% 109 

uniquely mapped Hi-C reads in S. bicolor can span 40.72% (2,012/4,941) of assembled 110 

contigs, covering a vast majority (91.66%; 640.3 Mb/698.5 Mb) of the assembled genome 111 

size (Supplementary Table 1). In contrast, the extremely low level (<10%) of uniquely 112 

mapped Hi-C reads covers only approximately 5% of contigs and less than 70% of the 113 

assembled genome size in the high-ploidy sugarcane genome (Supplementary Fig. 2b), 114 

emphasizing the limited power of Hi-C reads in scaffolding complex genomes. 115 

Another challenge in haplotype phasing is that the contig-level assembly may contain a 116 

considerable number of artifacts (i.e., chimeric and collapsed errors), leading to incorrect 117 

placement and phasing of sequences that compound over the size and complexity of the target 118 

genome (Supplementary Fig. 1e,f)8. Chimeric assembly errors occur when two or more 119 

regions of the genome that are not contiguous in reality are incorrectly joined together during 120 

the assembly process. The collapsed assembly errors indicate that two or more identical 121 

haplotypic regions are merged into a single sequence during the assembly process. We 122 

analyzed both types of assembly errors based on contiguous alignment and read-depth of 123 
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ONT ultra-long reads for three polyploid contig-level genome assemblies, including alfalfa 124 

(Medicago sativa L., 2n=4x=32), hexaploid sweet potato (Ipomoea batatas L., 2n=6x=90) 125 

and S. hybrid cv. POJ2878. These genomes were assembled using different contig assemblers 126 

(hifiasm30,31, verkko35 and HiCanu36), and the results reveal that all the assembly algorithms 127 

contain varying degrees of assembly errors, with 0.11%-2.37% of chimeric assembly errors 128 

and 2.01%-16.83% of collapsed regions (Supplementary Fig. 2c and Supplementary Table 129 

2). Notably, the hifiasm primary unitig (p_utg) assemblies show the lowest proportion of 130 

chimeric errors and collapsed regions, making this algorithm widely accepted for haplotype 131 

phasing in polyploid genomes.  132 

 133 

Enhanced Pore-C increased yield and reduced cost through optimized nucleus 134 

extraction 135 

While powerful, the application of Pore-C for genome assembly and chromatin structure 136 

analysis, particularly in large genomes, is often hindered by limited data yield and high cost. 137 

Previous Pore-C protocols typically generated only 25-60 Gb of data per ONT sequencing 138 

cell (PromenthION), resulting in costs exceeding $22 per Gb (Supplementary Table 139 

3)22,33,37. 140 

To address these limitations, we developed an enhanced Pore-C (ePore-C) protocol 141 

(Methods). This protocol incorporates a series of optimizations, most notably in the nucleus 142 

extraction step. By employing Percoll density gradient centrifugation, we efficiently removed 143 

plant-specific secondary metabolites such as polysaccharides and phenols (Fig. 1a-b). This 144 

refined extraction process yielded libraries that consistently met the highest quality standards 145 

(Fig. 1c).  146 

ePore-C maintains the capacity to capture chromatin contacts comparable to the original 147 

Pore-C protocol while demonstrating an improved ability to obtain higher-order contacts. For 148 

instance, in Arabidopsis thaliana, ePore-C achieves a 71.61% rate for contacts of high order 149 

(contact order  3, contact order refers to the number of restriction fragments linked in a 150 

single concatemer), compared to 69.0% with the original protocol37 (Fig. 1d). This 151 

improvement in high-order contact capture is coupled with a substantial increase in data 152 

yield, with an average of ~100 Gb per ONT sequencing cell (Fig. 1e). This increased 153 
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efficiency greatly reduces the cost of Pore-C sequencing to approximately $10 per Gb (Fig. 154 

1f). 155 

 156 

Overview of the C-Phasing framework 157 

To utilize the ePore-C data for haplotype-resolved genome assembly, we developed the 158 

C-Phasing algorithm package, which consists of five core components: three innovative 159 

algorithms - Hitig, Align/Methalign, Hyperpartition, and two modified functions, Kprune and 160 

Scaffolding, from our original ALLHiC and HapHiC programs (Fig. 2 and see Methods).  161 

Hitig. Contig-level assembly errors—particularly chimeric and collapsed errors—are key 162 

factors impacting haplotype phasing assembly (Supplementary Fig. 2) 27. Unlike earlier Hi-163 

C scaffolding approaches such as LACHESIS38 and ALLHiC27, which infer contig adjacency 164 

from global contact strength, our strategy emphasizes the exclusion of erroneous regions 165 

prior to contig clustering. To achieve this, the Hitig algorithm performs split-read alignment 166 

of ONT ultra-long reads to detect structural inconsistencies (Fig. 2a). By computing the 167 

Longest Increasing Subsequence (LIS) of high-quality alignments, Hitig mitigates alignment 168 

noise from ONT sequencing errors and robustly identifies chimeric breakpoints based on LIS 169 

discontinuities. Collapsed and abnormal coverage regions are detected by modeling 170 

deviations in local sequencing depth. Regions exhibiting continuous mapping and normal 171 

coverage are retained as high-confidence regions (HCRs) and used for downstream contact 172 

filtering. To increase generalizability, Hitig also supports not only ultra-long reads but also 173 

Hi-C and Pore-C, providing users with flexible input options for diverse genome projects 174 

(Supplementary Notes). 175 

Align/MethAlign. Pore-C provides longer reads than Hi-C32, improving resolution of 176 

allelic regions with 99.0%-99.99% sequence identity (Supplementary Fig. 3). However, 177 

mapping ambiguity persists in regions with near-identical (>99.99%), limiting accurate 178 

haplotype phasing (Supplementary Fig. 3). To address this, the Align/MethAlign module 179 

combines sequence- and methylation-based alignment strategies (Fig. 2b). The Align module 180 

performs conventional alignment of Pore-C reads to the unitig assembly, followed by 181 

stringent MAPQ-based filtering for downstream partitioning in typical genomes. For ultra-182 

complex genomes, Methalign leverages 5mC profiles—treated as a fifth base—penalizing 183 
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methylation discordance between reads and unitigs (Fig. 2b). Using 5mC profiles of unitigs 184 

derived from HiFi or ONT reads, we refined both Pore-C’s primary and secondary 185 

alignments by re-soring based on methylation concordance, reassigning the highest-scoring 186 

alignment as primary (Methods and Supplementary Notes). This refinement increases the 187 

number of valid alignments and enhances haplotype partitioning accuracy in downstream 188 

modules. 189 

The resulting alignments are subsequently used to construct a raw hypergraph that 190 

encodes high-order chromatin contacts in an n×m incidence matrix (n, unitig; m, 191 

concatemers). Each concatemer is also decomposed into virtual pairwise contacts (VPCs) for 192 

downstream scaffolding and contact matrix visualization (Fig. 2b). 193 

Kprune: Kprune is a crucial component of the C-Phasing pipeline, building on the 194 

principles established by ALLHiC27 for haplotype phasing. The effectiveness of ALLHiC in 195 

this context relies on its ability to identify allelic contigs while eliminating the inter-196 

homologous-chromosome signals (h-trans errors), including inter-allelic signals (same locus 197 

on different homologous chromosomes) and cross-allelic signals (different loci on 198 

homologous chromosomes)39 (Supplementary Fig. 4). This process is facilitated by the 199 

ALLHiC-Prune algorithm, which prevents the misjoining of highly similar homologous 200 

chromosomes, or “switch” errors. Kprune shares this core principle but offers improvements 201 

in speed and memory usage. While ALLHiC-Prune relies on a well-annotated reference 202 

genome to label allelic contigs, Kprune employs a fully reference-free approach, both 203 

simplifying the process and boosting accuracy. Kprune first scores pairwise contig 204 

alignments to quantify sequence similarity and builds a contig graph. Instead of ALLHiC-205 

Prune’s greedy pruning based on the labels, Kprune applies a maximum matching algorithm 206 

to isolate cross-allelic signal by exploiting the fact that trans (i.e., inter-chromosomal) 207 

contacts are much lower than cis contacts (i.e., intra-chromosomal)38. Once these inter- and 208 

cross-allelic signals are identified, they can be effectively removed from Hi-C or Pore-C data 209 

(Fig. 2c), ensuring that only true cis interactions remain for subsequent haplotype phasing. 210 

Hyperpartition. We observed that h-trans signals—artifactual contacts between 211 

homologous chromosomes40—were significantly stronger than those between 212 
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nonhomologous chromosomes, especially in Pore-C data (i.e., nh-trans; Wilcoxon rank-sum 213 

test, P<0.001; Supplementary Fig. 5). These signals, often arising from ambiguous read 214 

mapping (Supplementary Fig. 4), motivated the design of a two-layer Louvain-based 215 

partitioning strategy in Hyperpartition (Fig. 2d; Methods).  216 

In the first layer, contigs are clustered into homologous chromosome groups (HCGs) 217 

using a hypergraph constructed from high-order Pore-C interactions at MAPQ  1, which 218 

retains informative h-trans signals (Supplementary Fig. 5).  219 

In the second layer, we raise the MAPQ threshold to ≥ 2 to remove most h-trans and 220 

suppress residual h-trans noise by reweighting edges with Kprune-derived allelic 221 

information. This reweighted graph enables accurate haplotype-level partitioning of contigs 222 

into chromosomes via community detection (Fig. 2d). 223 

Scaffolding. Scaffolding in C-Phasing integrates optimized modules from ALLHiC and 224 

HapHiC (fastsort, optimize, and build), enabling efficient contig ordering and orientation 225 

within each group. ALLHiC and HapHiC calculate contig ordering and orientation using 226 

interactions within a fixed window (< 10 Mb), which reduces accuracy for large contigs (> 5 227 

Mb). In contrast, C-Phasing uses global interaction scores across all contig pairs, improving 228 

performance for large contigs. And, parallelized processing substantially accelerates runtime, 229 

particularly for large and complex genomes. Unlike conventional methods15,27,28 that discard 230 

low-quality alignments, C-Phasing retains all contacts, including those with MAPQ = 0, to 231 

recover connectivity in highly similar regions where signal dropouts are common. 232 

Additionally, chromosome-wide orientation is standardized across haplotype using inter-233 

allelic strand information from Kprune, facilitating consistent haplotype alignment and 234 

clearer heatmap interpretation (Fig. 2e). 235 

 236 

Benchmarking of the C-Phasing pipeline with simulation data 237 

‘Synthetic’ polyploid genome. To rigorously benchmark C-Phasing, we generated 238 

'synthetic' polyploid genomes of Arabidopsis thaliana with ploidy levels ranging from 2x to 239 

12x. These were constructed using the TAIR10 reference genome41 as a backbone and 240 

introducing homozygous SNPs and InDels from 12 previously published A. thaliana 241 

accessions (Supplementary Table 8 and Supplementary Notes)42 to model allelic 242 
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variation. MASH distance analysis43 revealed a broad spectrum of genomic similarity among 243 

accessions (Fig. 3a and Supplementary Table 9), with some (e.g., Altenb-2 and TAL-07; 244 

distance = 0.0024) highly similar, and others (e.g., Cvi-0; distance > 0.0054) more divergent.  245 

Simulated chromosome-level assemblies were randomly fragmented to mimic contig-246 

level assemblies with contig N50 values ranging from 50 kb to 2 Mb (Supplementary Table 247 

10). To generate realistic contact maps, we incorporated ~50× real Hi-C and Pore-C data 248 

from Col-037,44 accession and substituted the corresponding variants from each accession. The 249 

resulting Pore-C dataset retained a high proportion of multi-way contacts (61.73%) and 250 

moderate read accuracy (mean 95.43%, Fig. 3b,c). The 'synthetic' dodecaploid genome, 251 

characterized by its high complexity and well-organized contact map (Fig. 3d), serves as a 252 

robust ground truth for assessing the efficacy of our algorithm (Supplementary Fig. 8). 253 

Evaluation of Hitig. To assess Hitig’s ability to identify and correct chimeric assembly 254 

errors, we compared it against CRAQ45, GAEP46, and tigmint-long47, using simulated 255 

dodecaploid assemblies (2x to 12x ploidy; N50 = 500 kb) and ultra-long reads. To rigorously 256 

assess performance, synthetic assemblies were spiked with 2% intra-chromosomal and 18% 257 

inter-chromosomal misassemblies. 258 

Hitig demonstrated precision comparable to CRAQ and GAEP in detecting chimeric 259 

errors, achieving near-perfect accuracy. However, it outperformed all other tools in recall, 260 

identifying a higher proportion (>87.50%) of true positive chimeric errors. This enhanced 261 

recall resulted in substantially higher F1 scores (>0.90)—a metric combining precision and 262 

recall—across all simulated genomes (Fig. 3e). Notably, Hitig also exhibited markedly 263 

reduced computational demands, featuring faster runtimes and lower memory usage 264 

compared to the other programs, thus proving to be both accurate and efficient. 265 

Methalign evaluation. To assess the effectiveness of Methalign in improving the 266 

mapping accuracy of shorter ONT reads (e.g., Pore-C reads), we evaluated its performance 267 

using ultra-long reads (>100 kb) from sweet potato as a ground truth (Methods). These long 268 

reads’ alignments were artificially fragmented to simulate shorter reads ranging from 250 bp 269 

to 5 kb, and then re-aligned to the reference genome (Supplementary Fig. 9). A fragment 270 
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was considered accurately mapped if it aligned to a genomic location with at least 80% 271 

overlap with its original position.  272 

Our analysis revealed a direct correlation between read length and mapping accuracy, 273 

with longer fragments achieving higher accuracy (Supplementary Fig. 10). Methalign 274 

performed best with a penalty setting of 2, consistently improving alignment outcomes. For 275 

instance, without Methalign, 74.1% of 700 bp reads and 82.4% of 2 kb reads were accurately 276 

mapped (MAPQ  1). With Methalign, these proportions increased to 77.4% and 85.2%, 277 

respectively (Fig. 3f). Notably, for 700-bp simulated reads, Methalign successfully corrected 278 

50.33% of previously misaligned reads (9.1% of total mapped reads) by reassigning them to 279 

the correct homologous chromosome, thereby providing the ability of downstream haplotype 280 

phasing when using Pore-C data (Supplementary Table 12). 281 

Evaluation of Kprune. We benchmarked Kprune against HapHiC and ALLHiC using 282 

synthetic polyploid genomes with Hi-C data. Kprune demonstrated higher accuracy in 283 

detecting inter-allelic contig pairs than HapHiC in higher ploidy or greater contiguity, with 284 

recall advantages particularly pronounced in high-ploidy or low-contiguity assemblies (Fig. 285 

3g). This performance gap arises from HapHiC’s reliance on enriched h-trans signals 286 

between bins with high sequence similar28. In our synthetic polyploid genomes, increased 287 

haplotype similarity and number lead to a substantial reduction in the proportion of valid 288 

contacts, weakening the signal required for accurate inter-allelic identification by HapHiC. 289 

Although ALLHiC-Prune showed higher precision in diploid or short-fragment assemblies 290 

0.91 for Kprune vs. 0.99 for ALLHiC-Prune at N50 50 kb, its performance is contingent on 291 

the availability of a reference genome and is further favored by the allele-consistent structure 292 

of our simulated polyploid genomes. In contrast, Kprune operates reference-free and achieves 293 

higher recall in low-contiguity assemblies (0.95 for Kprune vs. 0.82 for ALLHiC-Prune at an 294 

N50 of 50 kb).  295 

A crucial step in haplotype phasing is the removal of h-trans contacts, including inter-296 

allelic and cross-allelic contig pairs, while preserving true cis contacts. Kprune achieved a 297 

superior balance, retaining over 94% of true cis contacts while removing the majority of 298 

inter-/cross-allelic artifacts across ploidy levels and assembly qualities (Fig. 3g and 299 

Supplementary Fig. 11). In contrast, HapHiC exhibited poor removal efficiency (as low as 300 
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9.4% in dodecaploid assemblies), while ALLHiC-Prune suffered from reduced cis contact 301 

retention. These results highlight Kprune’s robustness in resolving inter- and cross-allelic 302 

noise, enabling more accurate haplotype phasing and chromosome partitioning in highly 303 

complex genomes. 304 

Evaluation of Hyperpartition. We evaluated Hyperpartition using simulated Hi-C and 305 

Pore-C data from the ‘synthetic’ dodecaploid genome, comparing its (Hi-C-only) 306 

performance with HapHiC and ALLHiC at contig N50 values of 500 kb and 2 Mb. C-Phasing 307 

substantially outperformed both methods, achieving 98.75 and 99.87% correct assignment 308 

rates, respectively (Fig. 3h). In contrast, HapHiC and ALLHiC struggled to resolve highly 309 

similar haplotypes E and F, resulting in high misassignments and unanchored rates. For 310 

example, HapHiC exhibited overall misassignment and unanchored rates of 8.93% and 311 

17.98% at 500 kb N50, and 4.94% and 4.60% at 2 Mb. Notably, haplotypes E and F were the 312 

primary contributors to these errors, with much higher rates: 36.70% and 44.75% at 500 kb 313 

N50, 29.67% and 22.95% at 2 Mb N50, respectively (Fig. 3i and Supplementary Table 11). 314 

Unlike existing Hi-C-based tools, Hyperpartition benefits from Pore-C’s enhanced contact 315 

resolution. Incorporating Pore-C data further reduced misassignments from 0.09% to 0.18% 316 

and the unanchored rates from 0.09% to 1.06% at 500 kb N50, highlighting its robustness for 317 

phasing in ultra-complex polyploid genomes.  318 

Evaluation of scaffolding. The scaffolding performance of C-Phasing on a simulated 319 

polyploid genome is consistently comparable or better than HapHiC and ALLHiC 320 

(Supplementary Fig. 12 and Supplementary Notes). However, consider the relatively short 321 

chromosome lengths in the simulated datasets. To further benchmark, we evaluated its 322 

performance against state-of-the-art Hi-C-based tools—HapHiC28, ALLHiC27, YAHS48, and 323 

3D-DNA15—using haplotype-resolved human assemblies with varying contig N50 values. C-324 

Phasing achieved comparable performance to at least one of these tools across all tested 325 

conditions (Supplementary Fig. 13). 326 

Using either Hi-C or Pore-C input, C-Phasing produced scaffolds for the maternal 327 

haplotype that aligned almost perfectly to the reference. It achieved a Spearman's correlation 328 

coefficient of 1.00 at contig N50 values of 2 Mb and 10 Mb, demonstrating exceptional 329 

accuracy across a range of contig contiguities. At an N50 of 500 kb, the correlation slightly 330 
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declined to 0.92, consistent with other tools, likely due to misordering in repetitive 331 

centromeric regions. However, as contig contiguity improved, C-Phasing's performance 332 

increased, underscoring the importance of high-quality contig assemblies for optimal 333 

scaffolding accuracy. 334 

 335 

Evaluation of C-Phasing with real-world polyploid genomes 336 

To assess the robustness of C-Phasing in phasing and scaffolding real-world polyploid 337 

genomes, we applied it to three species of increasing ploidy: cultivar tetraploid alfalfa 338 

Zhongmu-4 (M. sativa L., 2n=4x=32), cultivar hexaploid sweet potato 1393 (I. batatas L., 339 

2n=6x=90), and wild decaploid sugarcane 82-114 (S. spontaneum, 2n=10x=80) 340 

(Supplementary Table 13). For each genome, we generated two contig-level assemblies 341 

using hifiasm: one using HiFi reads alone (HiFi-only) and another integrating HiFi reads with 342 

ONT ultra-long reads (HiFi-UL), reflecting current de novo assembly strategies. We observed 343 

that HiFi-only assemblies exceeded the estimated genome sizes across all three species (Fig. 344 

4a and Supplementary Table 14), indicating potential false sequence duplications during 345 

contig assembly in the absence of additional information. In contrast, HiFi-UL assemblies 346 

were more continuous, with higher contig NG50 values (e.g., 4.37 Mb vs. 1.54 Mb in alfalfa, 347 

5.52 Mb vs. 1.62 Mb in sweet potato, and 25.75 Mb vs. 5.52 Mb in wild sugarcane; Fig. 4b 348 

and Supplementary Table 14).  349 

Using Hi-C data, C-Phasing anchored more contigs with fewer misjoins than HapHiC. In 350 

alfalfa HiFi-only assembly, the adjusted anchor rate reached 88.86% for C-Phasing, 351 

compared to 88.55% for HapHiC, with a lower misjoin rate (0.53% vs. 0.72%). Similar 352 

improvements were observed in sweet potato (85.14% vs. 83.40% adjusted anchor rate; 353 

0.98% vs. 2.25% misjoin rate) (Fig. 4c-d and Supplementary Table 14). Haplotype 354 

completeness and scaffold contiguity, measured by the allele completeness index (ACI) and 355 

synteny correlation index (SCI), C-Phasing showed slightly higher ACIs (Fig. 4e) but 356 

significantly higher SCIs compared to HapHiC (P<0.01; Fig. 4f), reflecting more complete 357 

and accurate scaffolding than HapHiC. 358 
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Despite high-depth Hi-C input (~91× for alfalfa, ~162× for sweet potato), the adjusted 359 

chromosomal anchor rate—normalized to estimated genome size—remained limited in 360 

fragmented or ultra-complex assemblies (e.g., 88.86% for alfalfa HiFi-only, 85.14% for 361 

sweet potato HiFi-only; Supplementary Table 14). Simulation benchmarks showed that C-362 

Phasing could benefit from Pore-C data to improve anchoring completeness. As expected, 363 

using Pore-C data (processed with Align) increased anchor length across all assemblies. In 364 

alfalfa HiFi-only, Pore-C increased chromosomal anchoring by 3.00% over Hi-C, and in 365 

sweet potato, the gains were more substantial, rising to 4.99% and 4.21% for HiFi-only and 366 

HiFi-UL, respectively (Fig. 4c). Although Pore-C led to slightly higher misjoin rates in 367 

complex regions (Fig. 4d), it significantly improved ACI in sweet potato (P<0.05; Fig. 4e), 368 

with more modest gains in alfalfa and wild sugarcane.  369 

These improvements stem from the higher contact yield of Pore-C: it produced more 370 

valid contacts (MAPQ  2) per gigabase, covered more genome regions, and rescued contigs 371 

with weak Hi-C connectivity, particularly in sweet potato (Fig. 4g-i). Moreover, C-Phasing 372 

consistently achieved the highest SCIs with both Pore-C and Hi-C data by fully leveraging all 373 

available contacts (including MAPQ = 0) (Fig. 4f).  374 

In summary, C-Phasing effectively assembles haplotype-resolved, chromosome-level 375 

genomes across diverse ploidy levels using either Pore-C or Hi-C data (Supplementary Fig. 376 

14-19). With Hi-C input, C-Phasing performs comparably to or better than HapHiC, and 377 

when leveraging Pore-C data, it achieves greater contiguity and completeness, especially in 378 

ultra-complex genomes like sweet potato. 379 

 380 

Enhancing assembly accuracy and completeness by resolving chimeric and collapsed 381 

contigs 382 

 To evaluate C-Phasing’s capacity to resolve structural errors in polyploid assemblies, we 383 

examined both chimeric and collapsed contigs in the alfalfa HiFi-UL assembly. Five chimeric 384 

contigs were manually curated based on discordant Pore-C contact patterns and subsequently 385 

used to benchmark the Hitig algorithm. With ONT ultra-long reads, Hitig correctly identified 386 
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four of the five; when incorporating Pore-C or Hi-C data, all five were successfully detected, 387 

demonstrating the utility of Hitig in misassembly detection (Fig. 5a-b). 388 

 To address collapsed contigs—regions where distinct haplotypes are erroneously 389 

merged—we integrated a rescue module into C-Phasing. This module identifies high-copy-390 

number contigs (2  copy number < ploidy level) using read depth and chromatin interaction 391 

patterns (Fig. 5c). Contigs exhibiting strong interactions with multiple chromosomal groups 392 

in chromatin conformation data were duplicated and re-assigned to their correct haplotypes. 393 

Application of this strategy rescued 53 collapsed contigs (total length: 53.88 Mb), reducing 394 

the proportion of collapsed regions from 2.59% to 1.09% (Fig. 5d-f). Post-rescue analyses 395 

confirmed restored synteny (dot plots) and chromatin interaction coherence (Pore-C 396 

heatmaps), resolving coverage abnormalities and improving ACI across the 10 reconstructed 397 

chromosomes (Fig. 5g-i). 398 

 To validate the biological relevance of rescued contigs, we analyzed heterozygous single-399 

nucleotide polymorphisms (SNPs) from HiFi read alignments. Of the 53 rescued contigs, 37 400 

lacked heterozygous SNPs, consistent with homozygous regions that were collapsed during 401 

initial assembly. The remaining 16 contigs exhibited low heterozygosity (1-2 SNPs per 402 

contig, ~1 SNP/Mb), suggesting that these regions represent distinct haplotypes or segmental 403 

duplication that were not properly resolved by the assembler due to limited sequence 404 

divergence (Fig. 5j). These results underscore the feasibility and effectiveness of duplicating 405 

collapsed regions to reconstruct complete, haplotype-resolved polyploid genomes. 406 

 407 

Enhancing ultra-complex region resolution via 5mC-guided alignment 408 

 Despite the high Pore-C sequencing depth (~125×), the total length of sweet potato 409 

chromosomes remained below the estimated genome size of 2.78 Gb. Anchoring efficiencies 410 

reached 90.13% and 94.27% for HiFi-only and HiFi-UL assemblies, respectively (Fig. 4c 411 

and Supplementary Table 14). This gap was largely attributed to fragmented assembly and 412 

reduced chromatin interaction signals in unanchored contigs, which were characterized by 413 

shorter lengths and lower contact density compared to anchored regions (Fig. 6a-b). Scaffold 414 

comparisons across homologous groups revealed undersized scaffolds, such as Chr01g5, 415 
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Chr01g6, and Chr02g6, indicating uneven scaffold completeness across haplotypes 416 

(Supplementary Fig. 20). Syntenic analysis of Chr01 (Fig. 6c) showed structural 417 

discontinuities within these size-discrepant scaffolds, spatially aligning with unresolved 418 

contig regions. Coverage analysis (Fig. 6d) ruled out contig collapse as the primary cause, as 419 

most windows showed coverage below 72×, corresponding to a copy number of two. Instead, 420 

missing sequences appeared concentrated in fragmented, unanchored contigs lacking 421 

chromatin interaction signals, which were often filtered out due to insufficient connectivity. 422 

 To overcome this limitation, we employed the Methalign module, which leverages allele-423 

specific methylation profiles to refine ambiguous alignments and improve resolution in near-424 

identical regions. Simulated data demonstrated that treating 5mC as a fifth base increases the 425 

number of unique alignments. To demonstrate its practical utility, we downsampled sweet 426 

potato Pore-C data to ~50× and compared Methalign against the conventional sequence 427 

alignment module (i.e., Align). Methalign utilizes two types of datasets—HiFi (~36×; namely 428 

HiFi-Methalign) and ONT reads (~41×; namely ONT-Methalign)—to identify the 5mC 429 

profiles of the unitig assembly. 430 

 We assessed Methalign’s impact on alignment quality and chromosomal anchoring using 431 

HiFi-only and HiFi-UL assemblies. Compared to the Align module, Methalign increased the 432 

heterozygosity between allelic contigs and between Pore-C reads and contigs 433 

(Supplementary Fig. 21). Then, Methalign substantially increased the proportion of valid 434 

alignments (MAPQ  2) and recovered additional reads previously discarded as singletons. 435 

HiFi-Methalign achieved 75.01% and 76.50% valid alignments—improvements of ~9.5% 436 

over Align—while ONT-Methalign showed similar trends (Fig. 6e and Supplementary 437 

Table 15). As a result, valid contact counts increased substantially, reaching 46.14 M and 438 

45.53 M for HiFi-Methalign and 48.08 M and 47.65 M for ONT-Methalign, compared to 439 

37.77 M and 39.30 M with Align. These additional contacts enhanced connectivity across 440 

previously weakly connected contigs, improving scaffold completeness (Fig. 6e,f). The total 441 

length of anchored contigs increased from 2,393.93 Mb (Align, HiFi-only) and 2,535.75 Mb 442 

(Align, HiFi-UL) to 2,857.71 Mb and 2,725.55 Mb for HiFi-Methalign, and to 2,842.17 Mb 443 
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and 2,724.41 Mb for ONT-Methalign, respectiely (Fig. 6g). These improvements translated 444 

into longer and more complete scaffolds, especially for homologous chromosomes such as 445 

Chr01g5/g6, Chr06g6, and Chr10g5/g6 (Fig. 6h-i, Supplementary Fig. 22 and Fig. 23). 446 

Despite some limitations in nearly homozygous regions with sparse allelic-specific 447 

methylation, Methalign effectively bridged many previously fragmented homologous regions, 448 

underscoring its utility for improving chromosome-scale assembly in ultra-complex genomic 449 

regions.  450 

 To further demonstrate Methalign’s effectiveness under different sequencing depths, we 451 

subsampled Pore-C data from 10 M to 170 M contacts. Across all depths, Methalign 452 

consistently outperformed Align in terms of total anchored length (Fig. 6j). Notably, just 20 453 

M contacts with Methalign achieved similar anchoring performance as Align’s maximum 454 

(Fig. 6j), highlighting that methylation-aware alignment offers greater efficiency than simply 455 

increasing sequencing depth to resolve ultra-complex genomic regions. Leveraging 456 

Methalign, we achieved chromosome-level assemblies of 2.84 Gb for HiFi-only and 2.73 Gb 457 

for HiFi-UL, using 70 M contacts, equivalent to approximately 50× Pore-C coverage. 458 

 Collectively, these results demonstrate that integrating allelic-specific methylation 459 

profiles via Methalign enhances alignment accuracy, improves valid contact recovery, and 460 

enables more complete chromosome-level assemblies, particularly in complex and highly 461 

similar genomic regions.  462 

 463 

Improving chromosome-scale assembly of the modern cultivated sugarcane genome 464 

As another case study, we evaluate C-Phasing’s capacity to resolve the chromosome-465 

scale architecture of sugarcane cultivar (ZZ01), a genetically complex crop with 9-12 466 

homologous chromosome copies and pervasive IBD sequences from intensive inbreeding, 467 

repeated backcrossing and introgression24–26. Our prior assembly24 combined HiFi reads and 468 

hifiasm to generate 11.22 Gb of contigs (NG50 = 527 kb), with Hi-C (~93× coverage) and 469 

trio sequencing data anchoring 9.06 Gb to 114 chromosomes. However, reliance on trio 470 

sequencing (often unavailable in commercial cultivars) and Hi-C short-read feature limited 471 

resolution in repetitive regions resulted in 2.16 Gb of the genome remaining unanchored (Fig. 472 
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7a). This was primarily attributable to the poor Hi-C interconnectivity among 3.68 Gb of 473 

contigs and limited Hi-C contacts across 3.76 Gb of genomic regions (Fig. 7b). Hence, C-474 

Phasing with Hi-C anchored only 7.86 Gb of the assembled sequences (Fig. 7b), but it 475 

significantly improved scaffold completeness and continuity compared to the previous 476 

assembly (P<0.01; Fig. 7c-d). 477 

To address the limitation of Hi-C, we applied ePore-C sequencing, generating 817 Gb 478 

(82× coverage) of Pore-C data. Although Hi-C yielded more contacts (281.6 M vs. 155.4 M), 479 

Pore-C doubled genomic coverage efficiency, reducing contact-depleted regions to 1.54 Gb 480 

and weakly connected contigs to 1.95 Gb (Fig. 7a). Integrating C-Phasing with Pore-C 481 

anchored 9.35 Gb (Fig. 7b)—a 23% improvement over Hi-C-based phasing (P=1.067×10-4) 482 

—while achieving statistically superior completeness (P=5.000×10-24) and scaffold continuity 483 

(P=1.378×10-31) versus prior methods (Fig. 7c-d). Synteny analysis against the Erianthus 484 

rufipilus reference genome49 (Fig. 7e) and chromatin contact heatmaps (Supplementary Fig. 485 

24) further supports the substantial improvement of this ultra-complex polyploid genome 486 

assembly using C-Phasing combined with Hi-C or Pore-C data. 487 

 488 

Discussion 489 

Ultra-complex polyploid genomes remain notoriously difficult to assemble at 490 

chromosomal-scale with haplotype-resolution, one reason is that conventional Hi-C-based 491 

scaffolding approaches are often limited in ultra-complex polyploids by poor mappability in 492 

near-identical haplotypes. To address this obstacle, we present C-Phasing, a modular and 493 

end-to-end pipeline that incorporates Pore-C with several novel algorithmic modules to 494 

enable high-quality, haplotype-resolved and chromosome-scale assemblies across a wide 495 

ploidy range and genome complexities.  496 

The original Pore-C32,33,37 was limited in yield in plants; we optimized it into ePoreC, 497 

introducing a refined nuclei-purification procedure that lifted per-flow-cell yield from 25-65 498 

Gb to ~100 Gb and reduced costs from ~$22/Gb to ~$10/Gb, making Pore-C technology 499 

more feasible for large plant genomes. 500 
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C-Phasing consistently delivers improvements in completeness, continuity, and phasing 501 

accuracy across diverse genomes and ploidy levels, including real-world examples such as 502 

tetraploid alfalfa, hexaploid sweet potato, and decaploid wild sugarcane. Notably, in modern 503 

cultivated sugarcane—a genome characterized by high ploidy, massive content of IBD—C-504 

Phasing anchored 9.35 Gb of sequences using Pore-C data—a 23% improvement over Hi-C-505 

based phasing—while also significantly improving scaffold continuity. 506 

Several algorithmic advances contribute to this performance. A two-layer hypergraph 507 

partitioning module, Hyperpartition, integrates h-trans contig pairs information derived from 508 

Kprune to deliver accurate haplotype clustering. It achieved over 98.5% assignment accuracy 509 

even in simulated dodecaploid genomes with contig N50s of 500 kb and 2 Mb, establishing 510 

Hyperpartition as a key component for accurate contig clustering in polyploid assemblies. 511 

The Hitig efficiently corrects chimeric and collapsed contigs, establishing high-confidence 512 

contig sets and regions for downstream scaffolding. In alfalfa, Hitig successfully corrected all 513 

five manually identified chimeric contigs. When combined with a collapsed rescue module, it 514 

recovered 53.88 Mb of previously collapsed regions, enhancing genome completeness and 515 

highlighting robust capability to resolve common misassemblies in complex polyploid 516 

genomes. The Methalign module introduces a 5mC-aware alignment refinement strategy to 517 

increase the yield of valid contacts in challenging regions. In sweet potato, it achieved 518 

comparable performance to non-5mC-aware alignment using only 20 million contacts, 519 

indicating that incorporating methylation information is more efficient for generating anchor 520 

signals than increasing sequencing depth for resolving complex regions. At higher coverage 521 

(~50×), Methalign effectively bridged fragmented and weakly supported regions, 522 

contributing to improved genome completeness.  523 

 While tailored to Pore-C, C-Phasing performs competitively or superiorly to existing 524 

tools using Hi-C data, yielding higher anchoring rates and lower misjoin errors than HapHiC. 525 

It is readily compatible with emerging chromatin conformation capture technologies, such as 526 

CiFi50 (which sequences reads with PacBio platforms yield higher accuracy HiFi reads).  527 

Nonetheless, several limitations remain. The current pipeline still inherits ONT base-528 

error noise, which explains the slightly higher misjoin rate observed with Pore-C vs. Hi-C. 529 

The recent development of ONT duplex sequencing and improvements in basecalling 530 
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accuracy (e.g., Dorado model v5+), as well as HiFi-based methods (CiFi), offer promising 531 

paths forward. Another limitation is the handling of scaffold gaps. Currently, C-Phasing 532 

assembles contigs by joining them using placeholder gap sequences. Future extensions of the 533 

pipeline will incorporate string graph structures and ultra-long reads to enable more accurate 534 

gap filling and sequence recovery.  535 

In conclusion, C-Phasing represents a significant advancement in ultra-complex 536 

polyploid genome assembly, addressing key limitations through innovative algorithms and 537 

Pore-C’s unique features. Its successful application to challenging genomes, such as sweet 538 

potato and hybrid sugarcane, demonstrates practical utility for advancing our understanding 539 

of complex plant genomes, facilitating the identification of accurate genetic variations, high-540 

resolution genetic map development, and providing a foundation for further studies on the 541 

genetics and evolution of polyploid species. 542 

 543 

Methods 544 

Experiments in this study 545 

Plant materials. The sugarcane S. spontaneum 82-114 and S. hybrid cv. Zhong Zhe No. 1 546 

(ZZ01) were cultivated in a greenhouse at 30°C with 16 hours of light per day, while sweet 547 

potato 1393 was cultivated at 23°C with 16 hours of light per day at the Chinese Academy of 548 

Agricultural Sciences (CAAS) Shenzhen Institute of Genomics. After 15 days of cultivation, 549 

young leaves or leaf sheaths were harvested for subsequent experiments. 550 

ePore-C library construction and sequencing. We optimized the nucleus extraction 551 

procedures to improve the yield and quality of the Pore-C32,33,37 in plants. The complete 552 

ePore-C protocol is described below: 553 

Optimization of nucleus extraction and cross-linking procedures. About 2 g of young 554 

plant tissue was ground to a fine powder in liquid nitrogen and transferred to 15 mL pre-cold 555 

nucleus extraction Buffer I (0.4 mol/L sucrose, 10 mmol/L Tris-HCl, pH 8.0, 10 mmol/L 556 

KCl, 0.5% Triton X-100, 10 mmol/L EDTA, pH 8.0, 1% PVP40, 0.25% β-Mercaptoethanol, 557 

and 0.1 mmol/L PMSF). The homogenate was crosslinked by adding 471 μL of 37% 558 

formaldehyde (final concentration: 1%) and incubating for 25 minutes with rotation in a 559 
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vacuum desiccator at room temperature, releasing the vacuum every 5 minutes. Crosslinking 560 

was terminated by adding 963 μL of 2 mol/L glycine (final concentration: 0.125 mol/L) and 561 

incubating for 5 minutes. The mixture was filtered through a single layer of Miracloth 562 

(Merck, 475855-1R) followed by a 40 µm filter (Falcon, 32340). The filtrate was layered on 563 

30 mL of dense sucrose buffer (1.7 mol/L sucrose, 20 mmol/L Tris-HCl, pH 8.0, 2 mmol/L 564 

KCl, 0.2% Triton X-100, 2 mmol/L EDTA, pH 8.0, 0.25% β-Mercaptoethanol and 0.1 mM 565 

PMSF) in a 50 mL Falcon tube and centrifuged at 2200 × g for 20 minutes at 4 °C. The 566 

supernatant was discarded, and the nuclear pellet was washed with 10 mL of pre-chilled 1× 567 

PBS and centrifuged under the same conditions for 10 minutes. The supernatant was 568 

discarded, and the nuclei were resuspended in the nucleus extraction buffer. For gradient 569 

centrifugation, 2 mL of 2.5 mol/L sucrose was added to a 15 mL Falcon tube, followed by the 570 

slow addition of 5 mL of 50% Percoll (Solarbio, P8370) and the nuclear suspension along the 571 

tube wall. The sample was centrifuged at 1800 × g for 30 minutes at 4 °C using a horizontal 572 

centrifuge with acceleration and deceleration rates set below 3. The Percoll layer solution was 573 

transferred to a new 15 mL Falcon tube, mixed with an equal volume of 0.25 mol/L sucrose 574 

solution, and centrifuged at 1800 × g for 20 minutes at 4 °C. The supernatant was discarded, 575 

and the pellet was resuspended and washed with pre-chilled 1× PBS. The sample was 576 

centrifuged at 1200 × g for 5 minutes at 4 °C, and the washing step was repeated twice. The 577 

supernatant was discarded after each wash. 578 

Restriction enzyme digest. Next, 100 μL of 0.5% SDS was added to the nuclei, and the 579 

mixture was incubated at 62 °C for exactly 6 minutes. The tube was then allowed to return to 580 

room temperature. To quench the SDS, 250 μL of nuclease-free water and 50 μL of 10% 581 

Triton X-100 were added. The sample was gently mixed by pipetting up and down and 582 

incubated at 37 °C for 15 minutes. Then 30 μL (600 U) of Hind III (NEB, #R0104S), 50 µL 583 

of NEBuffer™ r2.1 (NEB, B6002V), and 20 µL of nuclease-free water were added. The 584 

reaction was incubated at 37 °C for 18 hours with periodic mixing in a thermomixer at 900 585 

rpm (10 seconds every 30 minutes) to prevent condensation inside the tube lid. 586 

Proximity ligation and reverse cross-linking. To inactivate the restriction enzyme, 55 587 

µL of 1% SDS was added and incubated in a thermomixer at 65 °C for 20 minutes. The 588 

sample was allowed to cool to room temperature, and 50 µL was withdrawn, transferred to a 589 
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new 1.5 mL centrifuge tube, labeled as the digestion control sample, and stored temporarily 590 

at 4 °C. To the remaining nuclear suspension, a ligation reaction mixture was added to a final 591 

volume of 1000 µL. This mixture included 100 µL of 10× ligation buffer, 100 µL of 10% 592 

Triton X-100 (Sigma-Aldrich, 93443), 5 µL of 20 µg/µL Recombinant Albumin (NEB, 593 

B9200S), 40 µL of 400 U/µL T4 DNA ligase (NEB, M0202L), and 250 µL of nuclease-free 594 

water. The sample was gently mixed by pipetting up and down with a wide-bore pipette tip. 595 

The nuclear suspension was incubated at 16 °C in a thermomixer for 12 hours with periodic 596 

mixing at 900 rpm (10 seconds every 30 minutes). To reverse cross-links, the samples were 597 

treated with 280 µL of nuclease-free water, 100 µL of 20 mg/mL Proteinase K (NEB, 598 

P8107S), 100 µL of 10% SDS (Thermo Fisher Scientific,15553027), 500 µL of 20% Tween-599 

20 (Sigma-Aldrich, P9416), and 20 µL of 100 mg/mL RNase A (Vazyme, DE111-01). The 600 

samples were incubated in a thermomixer at 56 °C for 18 hours with periodic mixing at 900 601 

rpm (10 seconds every 30 minutes). 602 

DNA purification. The 2 mL cross-linked sample was divided equally into two tubes (1 603 

mL per tube). An equal volume of pre-chilled DNA extraction solution (phenol: chloroform: 604 

isoamyl alcohol = 25:24:1) (G-CLONE, EX0128) was added to each tube. The tubes were 605 

placed on a HulaMixer and mixed at 10 rpm for 5 minutes, followed by centrifugation at 606 

15°C and 15,000 × g for 15 minutes. 850 µL of the upper aqueous phase was carefully 607 

transferred from each tube into new 2 mL centrifuge tubes. The extraction was repeated by 608 

adding an equal volume of pre-chilled DNA extraction solution (phenol: chloroform: isoamyl 609 

alcohol = 25:24:1) to each sample. The samples were mixed on the HulaMixer at 10 rpm for 610 

5 minutes, centrifuged at 15°C and 15,000 × g for 15 minutes, and 800 µL of the upper 611 

aqueous phase was transferred from each tube into a new 15 mL centrifuge tube and 612 

combined. To the combined phase, 0.02 volumes of 5 mol/L NaCl (Thermo Fisher Scientific, 613 

AM9760G), 0.1 volumes of 3 mol/L sodium acetate (Solarbio, IS9096), and 3 volumes of 614 

absolute ethanol were added. The mixture was gently inverted to mix and precipitated at -615 

80 °C for at least 1 hour or overnight at -20 °C. The sample was centrifuged at 4 °C and 616 

15,000 × g for 30 minutes. The supernatant was discarded, and the pellet was washed with 4 617 

mL of 80% ethanol, followed by centrifugation for 5 minutes. The pellet was then washed 618 

again with 2 mL of 70% ethanol, centrifuged for 5 minutes, and air-dried for 5 minutes. The 619 
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dried pellet was resuspended in 100 µL of nuclease-free water and incubated at room 620 

temperature for 5 minutes. DNA fragments larger than 1 kb were selected using 0.5× DNA 621 

Clean Beads (Vazyme, N411). DNA concentration was quantified using the Qubit 1× dsDNA 622 

HS Assay Kit (Thermo Fisher Scientific, Q33231), and 200 ng of DNA was loaded onto a 623 

0.7% agarose gel to assess the efficiency of digestion and ligation. 624 

Nanopore sequencing library construction. DNA was prepared for Nanopore 625 

sequencing using the Nanopore Ligation Sequencing Kit V14 (ONT, SQK-LSK114) 626 

according to the manufacturer’s instructions, with the following modifications: The initial 627 

input was adjusted to 2.5 µg, yielding approximately 1 µg of DNA library, which is sufficient 628 

for sequencing 3-5 cells and helps reduce library preparation and sequencing costs. For DNA 629 

repair and end-prep, the samples were incubated in a thermal cycler at 20 °C for 20 minutes 630 

and 65 °C for 20 minutes to improve end-repair efficiency. During the adapter ligation and 631 

clean-up steps, the reaction was incubated at 30°C for 20 minutes to improve ligation 632 

efficiency. Beads were washed with LFB to ensure the retention of fragments larger than 3 633 

kb, and DNA was eluted in 25 µL of EB. Approximately 150 ng of DNA was loaded onto 634 

FLO-PRO114M (R10.4.1) flow cells and sequenced on the PromethION for 96 hours. Data 635 

collection was managed using MinKNOW (version 24.02.19) software with default 636 

parameters. 637 

 638 

The C-Phasing framework 639 

This study presents an integrated computational framework, C-Phasing, comprising five core 640 

modules and auxiliary utility tools to achieve polyploid phasing and scaffolding. The 641 

principal workflow components include: (1) Hitig, high-quality contigs or regions 642 

identification, (2) Align/Methalign, Pore-C data processing without or with rescuing 643 

ambiguous alignments using methylation information, (3) Kprune, inter-allelic and cross-644 

allelic contig pairs identification, (4) Hyperpartition, robust contigs clustering algorithm, and 645 

(5) Scaffolding, ordering and orienting contigs in each group. Supplementary modules, such 646 

as Plot (for fast visualization of assembly results via interaction signal heatmaps) and 647 

HiCMapper (a wrapper pipeline for Hi-C data processing), offer extended analytical 648 

functionalities. These components are systematically integrated into a cohesive C-Phasing 649 
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pipeline architecture, enabling one-command execution through standardized configuration 650 

parameters. The subsequent sections provide detailed descriptions of each module’s 651 

implementation and its algorithmic foundations. 652 

Hitig: high-quality contigs or region identification. High-quality contig assembly 653 

constitutes the prerequisite for accurate phasing and scaffolding. Nonetheless, current de 654 

novo assemblers (e.g., HiCanu36, hifiasm30) are prone to generate assemblies containing 655 

chimeric and collapsed sequences, particularly in complex polyploid genomes. Such 656 

assembly artifacts may propagate erroneous clustering results during chromosome 657 

partitioning and induce misassemblies, including misorderings or misorientations, in 658 

downstream scaffolding (Supplementary Fig. 1). To address these limitations, we developed 659 

Hitig, an ONT ultra-long read-based algorithm for detecting chimeric breakpoints and 660 

identifying high-confidence regions. Hitig also supports both Pore-C and Hi-C data; 661 

implementation details are provided in the Supplementary Notes. 662 

Step A. Ultra-long reads processing. Due to high sequence similarity between 663 

homologous regions, error-prone ONT reads are prone to misalignment at homologous switch 664 

points, as the aligner tends to extend the longest seed chain, which impedes proper split 665 

mapping and leads to missed detection of chimeric assemblies. To improve breakpoints 666 

identification, we fragmented ONT ultra-long reads (>50 kb) into 5 kb sliding windows and 667 

aligned them using minimap2 v2.24-r112251 with parameters of “--qstrand --cs -cx map-ont -668 

p.3”. The relaxed threshold (“-p 0.3”) preserves more secondary alignments, mitigating 669 

alignment truncation artifacts in homologous regions. 670 

Step B. False alignments refinement. In cmplex polyploid genomes with high and 671 

extensive repetitive sequences, fragmented reads ofen fail to span adjacent SNP loci, 672 

resulting in misalignments. Additionally, split reads are prone to false alignments at contig 673 

boundaries, as longer inter-allelic contigs may yield higher alignment scores (AS), 674 

misleading the aligner. To address these issues in homologous regions and contig termini, we 675 

propose a windowed read correction algorithm based on the Longest Increasing Subsequence 676 

(LIS) approach52. This algorithm is composed of four key steps: 677 
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(1) Building LIS. To refine alignments, we first selected one alignment per read window 678 

based on the highest alignment score (AS), labeled as "P", and those with mapping quality  679 

2, labeled as "M". These candidate alignments were then traversed in read order. During 680 

traversal, if the genomic coordinates between adjacent alignment pairs were within 1.25 times 681 

the window length, the LIS was extended. The traversal produced a raw LIS for each read, 682 

representing a coherent mapping path across homologous regions. 683 

(2) Filling gaps. In regions of high sequence similarity, the optimal alignments reported 684 

by minimap2 may be inaccurate due to sequencing errors or misassemblies, causing correct 685 

alignments to be marked as secondary and resulting in gaps within the LIS. To address this, 686 

we filled gaps using selected secondary alignments. First, the LIS was sorted by genomic 687 

coordinates to identify gaps between adjacent windows; gaps exceeding twice the window 688 

length were excluded. A secondary alignment was used to fill a gap only if its AS exceeded 689 

75% of the corresponding primary alignment, and was labeled as “S”.  690 

(3) Extending LIS. At contig ends, correct alignments may yield lower AS due to limited 691 

length relative to their inter-allelic counterparts. To address this, we introduced a normalized 692 

metric, Pscore = (AS / Alignment length), to better evaluate alignment quality at contig 693 

termini. For any LIS window located at a contig end, we compute the Pscore for both 694 

primary and secondary alignments. The alignment with the highest Pscore is selected as the 695 

refined alignment and labeled as “E”.  696 

(4) De-duplicating LIS. Duplicated sequences at contig ends and homologous exchanges 697 

can lead to multiple LISs overlapping at identical genomic coordinates. To eliminate 698 

redundancy, we first quantify each LIS by its total length, number of high-quality mappings 699 

("M" tags), and overlapping windows. Fully overlapping LISs are removed iteratively by 700 

discarding the shortest, retaining those with more “M” tags in case of equal lengths. For 701 

partially overlapping LISs we resolved overlaps by traversing sorted pairs: if one contains an 702 

"E" tag (suggesting a correct alignment near the contig boundary), the overlapping region 703 

was assigned to it. Otherwise, overlaps were assigned to the preceding LIS to maintain 704 

structural consistency at contig junctions.  705 

Step C. Detection of split reads and chimeric breakpoints 706 
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(1) Identification of split alignments. Reads with a single LIS indicate continuous 707 

mapping within a single locus. In contrast, reads containing multiple LISs on distinct contigs 708 

may reflect either (a) genuine contig junctions due to fragmented assemblies or (b) structural 709 

misassemblies, including inter-chromosomal chimeras (e.g., homologous switch 710 

misassemblies). To differentiate these scenarios, LISs are ordered based on their initial read 711 

window. For each adjacent LIS pair, we calculate their distances from the contig ends; if the 712 

sum is less than 1.2 × window length or both distances are below a defined threshold, the 713 

split is likely due to a natural contig boundary. Otherwise, it may signal a misjoin. To reduce 714 

noise from homozygous regions, we apply a 5 kb sliding window (1 kb step) to aggregate 715 

adjacent split alignments, merging windows supported by at least three consecutive split 716 

reads.  717 

(2) Breakpoint identification. For each 5 kb window (1 kb step), we compute coverage 718 

depth based on corrected windowed alignments, defined as the total aligned base length 719 

divided by window length. To control for coverage fluctuations, we normalize the count of 720 

split alignments in each window by its average read depth. Regions with a normalized split-721 

read ratio > 0.5 (i.e., >50% of supporting reads are fragmented) are flagged as candidate 722 

breakpoints. These loci are interpreted as potential chimeric juctions and are used to split the 723 

contigs for subsequent phasing and scaffolding.  724 

Step D. Identification of High-confidence regions. High-confidence regions (HCRs) 725 

are defined as genomic intervals that are free of assembly errors, exhibit sufficient sequence 726 

specificity, and maintain consistent read coverage. We identify HCRs through a two-tiered 727 

filtering strategy: (a) Reads containing a single LIS with at least 60% of windows labeled as 728 

high-quality (“M” tag) are retained. Their mapped genomic coordinates are extracted as 729 

candidate high-confidence intervals. (b) Using all such reads, we compute the coverage depth 730 

per 5 kb genomic window (1 kb step). Windows with abnormally low coverage (suggesting 731 

poor-quality or junk sequences) or excessively high coverage (indicative of colapsed repeats 732 

or surious alignments) are excluded. The intersection of LIS-supported and coverage-733 

consistent intervals defines the final set of HCRs. These regions are used to filter noisy or 734 

ambigous edges in the hypergraph of the Hyperpartition module, thereby improving contig 735 



 27 

clustering accuracy. Additionally, collapsed contig detection within these regions facilitates 736 

targeted rescue and proper assignment in downstream C-Phasing processes.  737 

Align/Methalign: Pore-C data processing. Raw Nanopore signal data were basecalled 738 

using dorado (v0.3.2+) (https://github.com/nanoporetech/dorado) with the modified base 739 

model dna_r10.4.1_e8.2_400bps_sup@v4.2_5mCG_5hmCG to call canonical and modified 740 

bases. The “—min-qscore 10” parameter was used to retain only high-quality reads. In this 741 

study, we processed Pore-C reads using two distinct strategies, as detailed below: 742 

Step A. Align: Mapping Pore-C reads without methylation information. Pore-C reads 743 

were aligned to the assembly using minimap251 (2.24-r1122) with the ‘-cx map-ont –744 

secondary=no’ parameters. The resulting alignments were saved in PAF (Pairwise Mapping 745 

Format, https://github.com/lh3/miniasm/blob/master/PAF.md) files for downstream filtering. 746 

Step B. Methalign: 5mC-guided mapping of Pore-C reads. To improve mapping 747 

accuracy by leveraging allele-specific 5mC signals, we developed Methalign, a correction 748 

module that adjusts alignments based on methylation consistency. First, 5mC sites were 749 

identified from HiFi or ONT reads aligned to the contig assembly. Then, Pore-C reads 750 

containing 5mC modifications were aligned using the Dorado aligner with the “—mm2-opts 751 

‘—secondary=yes’” parameter to retain secondary alignments. For each secondary alignment, 752 

its corresponding primary or supplementary alignment was located based on read position. 753 

The number of inconsistent 5mC sites between each Pore-C read and the contig was then 754 

used to compute an adjusted alignment score: 755 𝐴𝑆௔ௗ௝ =  𝐴𝑆௥௔௪ − ܰ × ܲ 756 

where ASraw is the original alignment score, N is the number of inconsistent 5mC 757 

modified sites, and P is the mismatch penalty (default = 2). If a secondary alignment’s 758 

adjusted scores exceed those of its primary or supplementary counterpart, their alignment 759 

types are swapped, and the MAPQ is increased to prevent filtering in downstream analysis.  760 

Finally, after completing alignment (Step A or Step B), we removed secondary 761 

alignments and filtered out low-quality primary/supplementary alignments with sequence 762 

identity < 0.8, alignment length < 150 bp, or singleton mappings. The remaining high-763 

confidence alignments were formatted into a tabular file for subsequent hypergraph 764 

construction. To generate chromatin contact information, Pore-C concatemers were 765 

https://github.com/nanoporetech/dorado
mailto:dna_r10.4.1_e8.2_400bps_sup@v4.2_5mCG_5hmCG
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decomposed into virtual pairwise contacts (VPCs) and stored in the 4DN (4D Nucleome) 766 

Pairs format53. These VPCs were further binned into multi-resolution contact matrices and 767 

converted to the 4DN cool format54 for visualization and analysis. 768 

Kprune: Inter-allelic and cross-allelic contig pairs identification. Contig-level assemblies 769 

in polyploid genomes often exhibit two types of h-trans artifacts: inter-allelic and cross-770 

allelic (Supplementary Fig. 3). Inter-allelic contigs are highly similar homologous 771 

sequences that generate spurious contact signals, typically visible as diagonal lines in Hi-772 

C/Pore-C heatmaps. Cross-allelic contigs, in contrast, originate from different homologous 773 

chromosomes and exhibit moderate contact frequencies—higher than those between 774 

unrelated contigs but lower than true cis contacts—potentially confounding partitioning 775 

algorithms. 776 

To identify inter-allelic contig pairs, we used partig (https://github.com/lh3/partig) with 777 

parameters ‘-k 19 -w 19 -m 0.5 -d 0.1’, requiring  10% sequence overlap based on shared k-778 

mers. For cross-allelic pairs, we introduced two key improvements over our previous 779 

ALLHiC-Prune method.  780 

First, we normalize the contact frequency between contigs i and j:  781 

௜ܰ௝ =  ௝ 782ܥ௜ܥ√௜௝ܥ 

where Cij is the raw contact count between contig i and j, and Ci, Cj are the total contact 783 

counts for contigs i and j.  784 

Second, we applied the Kuhn-Munkres (Hungarian) algorithm to identify optimal one-to-785 

one matches between inter-allelic contigs across haplotypes. For each candidate pair (contigs 786 

i1 and j1), we construct a bipartite graph between their inter-allelic partners (i2, i3, i4, … and j2, 787 

j3, j4, …), weighted by normalized contact scores (Nij). If i1 and j1 form the strongest matched 788 

pair, they are assigned to the same haplotype; otherwise, they are classified as cross-allelic.  789 

Finally, we constructed a reweighting matrix B for input into the Hyperpartition module, 790 

incorporating these relationships: 791 

௜௝ܤ = ݁ݏ݅ݓݎℎ݁ݐ݋                                               ,1݈݈݈ܿ݅݁ܽݏݏ݋ݎܿ  ݁ݎܽ ݆ ݀݊ܽ ݅  ݂݅               ,0 ݈݈݈ܿ݅݁ܽݎ݁ݐ݊݅ ݁ݎܽ ݆ ݀݊ܽ ݅ ݂݅                    ,1−}  792 

https://github.com/lh3/partig
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Hyperpartition: partitioning contigs into homologous groups or chromosomes. To group 793 

contigs into chromosomes, we developed Hyperpartition, a hypergraph-based clustering 794 

framework tailored for both diploid and complex polyploid genomes. In this framework, each 795 

contig is treated as a node in a hypergraph H = (V, E), where nodes V = {V1, V2, V3, …, Vn} 796 

represent contigs, and hyperedges E derive from Pore-C concatemers (monomers from the 797 

same contig are collapsed into one node; Supplementary Table 4). Low-confidence contigs 798 

(degree < 25) and abnormally large concatemers (> 50 monomers) are excluded to reduce 799 

noise.  800 

To enable efficient clustering, we apply clique expansion to convert the hypergraph into 801 

a weighted adjacency matrix: Using the resulting hypergraph H, we apply the to cluster 802 

contigs into putative chromosomes (Supplementary Table 5). Before clustering, the 803 

hypergraph is transformed using clique expansion: 804 𝐴 = ௘ܦ)ܪ −  805 ⊺ܪ1−(ܫ

   where H is the incidence matrix, De is the degree matrix of H, and I is the identity matrix. 806 

We remove self-loops and perform community detection using the Louvain algorithm55 807 

(default resolution = 1.0) to obtain initial chromosome-scale clusters. If the number of 808 

resulting groups n differs from the expected chromosome count k, we dynamically adjust the 809 

resolution: increasing it (by 0.2 increments) if n<k, or merging groups by modularity if n>k, 810 

thus enforcing exact k clustering. This “basal mode” shows strong performance for 811 

monoploid and allopolyploid genomes (Supplementary Notes and Supplementary Tables 812 

6-7).  813 

 However, for highly similar homologs in polyploid genomes, basal clustering is often 814 

confounded by h-trans errors. To address this, we developed a two-layer phasing mode: 815 

First layer: contigs are grouped into homologous chromosome groups (HCGs) using 816 

relaxed contact filtering (MAPQ  1).  817 

Second layer: we increase the stringency of the MAPQ threshold to  2, then reweight 818 

the adjacency matrix to downweight erroneous inter-homolog links using the inter-allelic and 819 

cross-allelic mask matrix B: 820 𝐴௥ = 𝐴 ⊙  821 ܤ
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The refined matrix is again clustered using Louvain, with an optional merge step if n>k. 822 

To prevent false merges across homologs, we apply an allele-aware merging constraint: 823 

groups with > 30% inter-allelic overlap are not merged, regardless of modularity. This 824 

ensures high-fidelity haplotype partitioning.  825 

Scaffolding: contig ordering and orientation. To order and orient contigs within each 826 

group, C-Phasing builds on our previous ALLHiC27 strategy by introducing key 827 

enhancements for efficiency and accuracy. In contrast to the version of “allhic optimize” used 828 

in ALLHiC and HapHiC, which compute ordering and orientation scores based on chromatin 829 

interaction within a fixed genomic window (typically < 10 Mb), we revised it to utilize global 830 

interaction scores across all contig pairs, which improved its performance of ordering and 831 

orientation for large contigs (> 5 Mb). And, rather than loading full contact matrices into 832 

memory and initializing from random populations—as done in “allhic optimize”—C-Phasing 833 

extracts group-specific link information directly from CLM files and parallelizes optimization 834 

across groups. To accelerate convergence, we integrate the results of “HapHiC fastsort” as an 835 

initialization step, significantly improving runtime28.  836 

Unlike prior tools that discard MAPQ=0 alignments, C-Phasing retains them to preserve 837 

linkage in highly similar regions, critical for polyploid genomes. Additionally, leveraging 838 

known inter-allelic contig pairs, we developed a HaplotypeAlign submodule that ensures 839 

consistent chromosome orientation across haplotypes. It calculates an orientation score (SOkl) 840 

between k and l based on shared minimizers and relative contig directions:  841 𝑆ܱ௞௟ =  ∑ ܱ௜ ௝ܱ𝑆௜௝ܱ௜௝௜,௝  842 

where Sij is the count of shared minimizers, Oij is the relative orientation, and Oi and Oj 843 

represent within chromosome orientations. The first scaffold of HCG serves as the reference; 844 

homologs with SOkl < 0 are flipped, ensuring uniform orientation and improving assembly 845 

readability.  846 

Plot: contact matrix visualization. To facilitate rapid visualization of haplotype-resolved, 847 

chromosome-scale assemblies, we implemented an integrated plotting module. This module 848 

maps contig-level contact matrices (default resolution: 10 kb) to chromosome coordinates, 849 
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reorganizes them accordingly, and coarsens the matrix to a user-defined resolution (typically 850 

500 kb) for heatmap generation. 851 

HiCMapper: Hi-C data processing for C-Phasing. C-Phasing is also compatible with Hi-C 852 

data for phasing and scaffolding. Paired-end Hi-C reads were mapped to contig-level 853 

assemblies using a modified Chromap (v0.0.24)56 with the parameters “--remove-pcr-854 

duplicates -q 0 –preset hic”. We adapted Chromap to output mapping quality into the 4DN 855 

Pairs format. To accommodate large genomes and prevent memory overflow, the k-mer and 856 

window sizes were adjusted: “-k 17 -w 7” for genomes < 8 Gb, and “-k 27 -w 14” for larger 857 

genomes. Hi-C contacts were converted into an incidence matrix using the same pipeline as 858 

for Pore-C, but instead of forming a hypergraph, a conventional graph was constructed, 859 

where nodes represent contigs and edges denote paired-end Hi-C contacts. 860 

Collapsed contig identification and rescue. Collapsed contigs were identified based on 861 

sequencing depth derived from HiFi, ONT, or Pore-C reads (Fig. 3c). For HiFi and ONT, we 862 

adopted the sliding-window strategy from Hitig (5 kb window, 1 kb step) to calculate the 863 

alignment depth. For Pore-C, all alignments with MAPQ  0 (including singletons, which are 864 

reads that only contain a single fragment without proximal ligation) were processed through 865 

the Align module, and depth was similarly computed across sliding windows. Collapsed 866 

contigs were defined as those with an average sequencing depth exceeding 1.5× but below 867 

the expected ploidy. These contigs often exhibited strong inter-group contact signals beyond 868 

their assigned cluster. To address this, we duplicated such contigs into additional homologous 869 

groups (excluding those already containing a copy), up to the expected copy number. The 870 

rescued contigs were subsequently ordered and oriented using the scaffolding module.  871 

 872 

Performance benchmarking methodology of simulation data 873 

Simulation of the ‘Synthetic’ polyploids. To benchmark C-Phasing, we simulated complex 874 

‘Synthetic’ polyploid genomes using multiple A. thaliana accessions (Supplementary Table 875 

8), including two highly similar accessions, Altenb-2 and TAL-07 (Mash distance = 0.0024, 876 

Supplementary Table 9). Variants data were downloaded from the 1001 Genomes Project42, 877 

which used TAIR1041 as a reference. Pseudo-haploid genomes for each accession were 878 

constructed using BCFtools v1.957 consensus.  879 
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To simulate Pore-C data for these pseudo-haploid genomes, we use real Pore-C data 880 

from the Col-0 accession37, substituting alleles based on each accession’s variant set. Pseudo-881 

haploid genomes and Pore-C reads were then merged to create ‘Synthetic’ polyploid genomes 882 

of varying ploidy levels. Additionally, to emulate ONT-specific sequencing errors (~5%), we 883 

employed PBSIM358 with the ERRHMM-ONT model. Finally, we simulated assemblies with 884 

varying contig N50 sizes (50 kb to 2 Mb), reflecting different levels of contiguity and 885 

assembly difficulty (Supplementary Table 10). Hi-C and Ultra-long reads were also 886 

simulated, with detailed procedures described in the Supplementary Notes.  887 

Benchmark of chimeric contig identification using Ultra-long reads. To evaluate the 888 

accuracy of chimeric contig identification, we introduced simulated chimeras into ‘syntenic’ 889 

contig-level polyploid assemblies (N50 = 500 kb), modifying ~20% of contigs to contain 890 

artificial chimeric junctions: 10% intra-chromosomal, 72% inter-homologous, and 18% inter-891 

nonhomologous events. Using simulated UL reads, we compared Hitig against existing tools 892 

including CRAQ v1.0.9-alpha 45, GAEP v1.2.346 and tigmint-long v1.2.1059. 893 

A breakpoint was considered correctly identified if it fell within ±5 kb of the true 894 

simulated location. Precision and recall were calculated accordingly to assess detection 895 

performance. 896 

Benchmark of Methalign. To validate the accuracy of Methalign, we employed ONT ultra-897 

long reads as the ground truth, given that longer reads typically have a higher likelihood of 898 

achieving correct alignment than shorter ones. We aligned the genomic ultra-long reads of 899 

sweet potato to the contigs and retained alignments exceeding 100 bp in length. Based on the 900 

length distribution of Pore-C read alignments obtained using different restriction enzymes in 901 

Human HG002 datasets, we split these ultra-long alignments into fragments ranging from 902 

250 bp to 5 kb to simulate short ONT reads. These reads were then realigned to the sweet 903 

potato assembly using the dorado aligner. These simulated reads will return to their original 904 

chromosomes and loci if mapped correctly. Following this principle, we can categorize each 905 

mapped read as ‘mapped to a homologous chromosome’, ‘mapped to a nonhomologous 906 

chromosome’, ‘mapped to the same chromosome but incorrect locus’, or ‘mapped to the 907 

same chromosome and correct locus’. This classification and statistical analysis were 908 
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conducted on both chromosome 1 and the entire genome using a Python script, 909 

`evaluate_alignments.py`. 910 

Benchmark of phasing and scaffolding. To eliminate variability introduced by differing Hi-911 

C mapping strategies, we applied a unified alignment set generated by HiCMapper across all 912 

tools. As HiCMapper outputs contact data in 4DN pairs format, we converted these into 913 

BAM format (containing only the information required by other tools) using “cphasing 914 

pairs2bam”. This enabled consistent downstream analysis using 3D-DNA15, ALLHiC27, 915 

HapHiC28, YAHS48. For phasing evaluations in polyploid genomes, we used HapHiC v1.0.2 916 

and ALLHiC (commit: 80ce6a), while YAHS v1.2a.1 and 3D-DNA v180922 were included 917 

to assess contig ordering and orientation accuracy.  918 

 We first evaluated the accuracy of allelic contig identification, a critical step in contig 919 

partitioning for polyploid genomes. Ground truth of inter-allelic pairs were defined by 920 

overlapping coordinates between homologous chromosomes. Based on this, we computed the 921 

precision and recall of inter-allelic contigs identified by C-Phasing, HapHiC and ALLHiC. 922 

To further evaluate the accuracy of inter- and cross-allelic contigs identification, we 923 

measured the proportion of retained cis and h-trans Hi-C contacts. Here cis contacts refer to 924 

links between contigs from the same chromosome, while h-trans contacts connect 925 

homologous chromosomes. An effective method should preserve most cis contacts while 926 

removing the majority of h-trans contacts. 927 

To assess clustering performance, including haplotype phasing, we computed the 928 

proportions of correctly assigned, misassigned and unanchored contigs. For each cluster, the 929 

source chromosome was defined as the one contributing the majority of contigs; contigs from 930 

other chromosomes within the same cluster were counted as misassignments. Contigs not 931 

assigned to any cluster were considered unanchored. We further compared the phasing 932 

performance of C-Phasing using Pore-C and Hi-C data.  933 

 To further evaluate scaffolding accuracy, we used the haplotype-resolved human HG002 934 

genome60 alongside corresponding Hi-C60 and Pore-C32 data. Chromosomes were fragmented 935 

into contigs of varying N50 sizes (500 kb, 2 Mb, and 10 Mb). Hi-C and Pore-C reads were 936 

aligned to these assemblies using our HiCMapper and Align pipelines, retaining all 937 

alignments (including MAPQ = 0). Each scaffolding method was assessed via dot plots, 938 
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where 10 kb windows of contigs were plotted as data points. Scaffolding accuracy was 939 

quantified by calculating the Spearman correlation coefficient (ρ) between the results and 940 

reference chromosomal coordinates. 941 

 942 

Performance benchmarking methodology of real datasets 943 

Strategy for contig-level assembly of real datasets. To benchmark our pipeline on real-944 

world polyploid genomes, we generated contig-level assemblies for three polyploids using 945 

hifiasm v 0.19.1-r55930,31 with two strategies: (1) HiFi-only, assembled from HiFi reads using 946 

default parameters, and (2) HiFi-UL, integrating HiFi and ONT ultra-long reads with “--ul” 947 

parameter. The resulting primary unitigs (p_utg) from hifiasm were used as input for all 948 

downstream benchmarking analysis.  949 

Processing of Hi-C data on real datasets. To benchmark the performance of our pipeline 950 

against HapHiC, Hi-C data were processed following the guidelines provided in each tool’s 951 

official documentation. For C-Phasing, we employed Chromap to process Hi-C data, 952 

following the procedures described in the HiCMapper Methods. For HapHiC, we followed 953 

the official tutorial (https://github.com/zengxiaofei/HapHiC?tab=readme-ov-file#align), 954 

mapping Hi-C data to the contig-level assembly using BWA-MEM v0.7.1761 with “-5SP” 955 

parameter. PCR duplicates were removed using samblaster v0.1.2662, and unmapped, 956 

secondary, and supplementary alignments were excluded using samtools57 view -F 3340 957 

(v1.15.1). Additional filtering was performed using HapHiC’s “filter_bam” utility, removing 958 

alignments with mapping quality < 1 and edit distance  3.  959 

Evaluation of misjoined contigs using ultra-long ONT reads. To assess structural 960 

accuracy across assemblies, ultra-long ONT reads were aligned to the final chromosomal-961 

level scaffolds using minimap2 with “-x map-ont –secondary=no” parameters. Alignments 962 

with MAPQ < 2 were discarded. Misjoins were detected using “paftools.js misjoin” 963 

(https://github.com/lh3/minimap2/blob/master/misc/paftools.js) with “-l 20k” parameter to 964 

identify split alignments indicative of structural errors, where a single read maps to two 965 

distant regions. We focused exclusively on contig-level misjoins, excluding those attributable 966 

https://github.com/zengxiaofei/HapHiC?tab=readme-ov-file#align
https://github.com/lh3/minimap2/blob/master/misc/paftools.js
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to upstream de novo assembly errors. Candidate misjoins were retained only if (i) both 967 

breakpoints overlapped contig ends and (ii) were supported by ≥ independent reads.  968 

Evaluation of assembly by synteny. In this study, we utilized closely related diploid species 969 

of the polyploids as references to guide the renaming of scaffolds using “cphasing rename” 970 

(Supplementary Notes) and perform coding sequences annotation through the GMAP 971 

v2013102863. To assess chromosomal assembly completeness, we defined an allele 972 

completeness index (ACI) based on gene content. First, allelic sequences were identified 973 

from the above annotations following the ALLHiC methodology. Complete allelic sets were 974 

clusters containing exactly n homologous loci, where n corresponds to the experimentally 975 

determined ploidy level (e.g., tetraploid n=4). The ACI for each chromosomal scaffold was 976 

then calculated as: 977 𝐴ܫܥ = ܰܰ௧ 978 

    where N is the number of complete allelic sets in the scaffold and Nt is the total number 979 

of genes in the reference chromosome, and we only retain genes corresponding to the 980 

complete allelic sets. 981 

Furthermore, we constructed synteny dot plots using the JCVI toolkit v1.4.1864 to 982 

systematically evaluate scaffolding quality based on chromosomal collinearity. To 983 

objectively quantify assembly continuity, we defined a synteny correlation index (SCI) as the 984 

product of the maximum length of the longest increasing or the longest decreasing 985 

subsequence (LIS or LDS) of synteny anchors and the total number of anchors on each 986 

scaffold. 987 

 988 

Evaluating the h-trans error between homologous chromosomes 989 

To evaluate the h-trans error between homologous chromosomes, we normalized the contacts 990 

by following the formula:  991 

௜ܰ௝ =  ௝ 992ܥ௜ܥ√௜௝ܥ 

where Ci and Cj denote the cis contacts in chromosome and Cij represents the trans 993 

contacts between chromosomes i and j.  994 
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 995 

Whole genome coverage and variant calling of collapsed contig 996 

HiFi reads were aligned to the scaffolds using minimap2 with the parameters “-ax map-hifi –997 

secondary=no”. Coverage depth was computed in 500 kb windows using Mosdepth v0.3.365 998 

(https://github.com/brentp/mosdepth). To assess heterozygosity between collapsed contigs 999 

and their missing homologous copies, SNPs were called from aligned HiFi reads using 1000 

longcallD v 0.0.3 (https://github.com/yangao07/longcallD) with “—hifi” parameter. Low-1001 

confidence variants, those supported by fewer than half the average HiFi read depth (e.g., <20 1002 

× in alfalfa), were excluded from downstream analysis. 1003 

 1004 

Data availability 1005 

The sequencing data generated in this study have been deposited in the China National Center 1006 

for Bioinformation (CNCB) GSA database (https://ngdc.cncb.ac.cn/gsa/) under BioProject 1007 

No. xxxxxxx. The A. thaliana Col-0 Pore-C data were obtained from GSA in the CNCB 1008 

under CRA005105, and the Hi-C data were downloaded from the National Center for 1009 

Biotechnology (NCBI) (SRR2626163). Genetic variants from diverse A. thaliana ecotypes 1010 

were retrieved from the 1001 Genomes Project (https://1001genomes.org/data/GMI-1011 

MPI/releases/v3.1/intersection_snp_short_indel_vcf/). The HG002 haplotype-resolved 1012 

genome v1.1 was downloaded from the Telomere-to-telomere Consortium HG002 "Q100" 1013 

project https://github.com/marbl/HG002. The HG002 Pore-C data were collected from NCBI 1014 

SRX8156773 and SRR27664048. The Hi-C data of HG002 were taken from the Human 1015 

Pangenome Reference Consortium: https://s3-us-west-2.amazonaws.com/human-1016 

pangenomics/index.html?prefix=working/HPRC_PLUS/HG002/raw_data/hic/downsampled/. 1017 

Hi-C and HiFi data for M. sativa Zhongmu-4 were obtained from the CNCB under accession 1018 

PRJCA004062, and ONT UL data and Pore-C data were retrieved from CNCB under 1019 

accessions PRJCA030790 and PRJCA041059, respectively. The monoploid genome of 1020 

alfalfa was derived from the haplotype-resolved assembly of Xinjiangdaye haplotype 1 1021 

(https://figshare.com/projects/whole_genome_sequencing_and_assembly_of_Medicago_sativ1022 

a/66380). The sweet potato I. batatas Beauregard consensus genome and annotation were 1023 

https://github.com/brentp/mosdepth
https://github.com/yangao07/longcallD
https://ngdc.cncb.ac.cn/gsa/
https://1001genomes.org/data/GMI-MPI/releases/v3.1/intersection_snp_short_indel_vcf/
https://1001genomes.org/data/GMI-MPI/releases/v3.1/intersection_snp_short_indel_vcf/
https://github.com/marbl/HG002
https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC_PLUS/HG002/raw_data/hic/downsampled/
https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC_PLUS/HG002/raw_data/hic/downsampled/
https://figshare.com/projects/whole_genome_sequencing_and_assembly_of_Medicago_sativa/66380
https://figshare.com/projects/whole_genome_sequencing_and_assembly_of_Medicago_sativa/66380
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taken from https://sweetpotato.uga.edu/sweetgains_Beauregard_con_v1_asm_anno.shtml. 1024 

The genome and annotation of Erianthus rufipilus were downloaded from the Saccharum 1025 

Genome database66 (https://sugarcane.gxu.edu.cn/scdb/download).  1026 

 1027 

Code availability 1028 

The source code of C-Phasing program can be found at GitHub 1029 

(https://github.com/wangyibin/CPhasing). Detailed documentation is available at 1030 

https://wangyibin.github.io/CPhasing/latest/.  1031 
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Fig. 3 | Performance evaluation on ’synthetic’ datasets. a-d, Characterization of the simulated dodecaploid

genome and corresponding Pore-C data. a, Pairwise Mash distances among twelve ecotypes (An-1 to LL-0);

lower values indicate higher sequence similarity. b, Distribution of concatemer orders in simulated Pore-C

reads. c, Alignment accuracy of Pore-C reads in the simulated dodecaploid genome. d, Contact heatmap (100-kb

resolution) showing interactions in the simulated dodecaploid genome. e, Comparison of Hitig with CRAQ,

GAEP, and tigmint-long across five ploidy levels (2x-12x) at N50 = 500 kb, evaluated by precision, recall, F1

score, wall time, and peak memory usage. f, Performance of Methalign in correcting ONT read alignments,

showing the proportion of correctly mapped reads under penalty values from 0 to 10. g, Evaluation of Kprune

for inter-allelic pair identification and h-trans removal across varying ploidy and contiguity levels. Top: fixed

contig N50 = 500 kb, ploidy = 2x-12x; bottom: fixed ploidy = 12x, contig N50 = 50 kb-2 Mb. Shown are

precision, recall, and F1 scores for inter-allelic detection, retention of cis contacts, and removal of h-trans

contacts. Symbols: red triangles (C-Phasing Kprune), dark-blue rectangles (HapHiC-Remove), light-blue

triangles (ALLHiC-Prune). h, i, Performance of Hyperpartition on dodecaploid assemblies with contig N50

values of 500 kb and 2 Mb. h, Per-chromosome distribution of correctly assigned (blue), misassigned (red), and

unanchored (gray) contigs for C-Phasing (Pore-C), C-Phasing (Hi-C), HapHiC (Hi-C), and ALLHiC (Hi-C). i,

Overall genome-wide proportions of correctly assigned, misassigned, and unanchored contigs (left), and results

for haplotypes E and F (right).
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Fig. 4 | Evaluation of phasing and scaffolding performance on real-world datasets. a,b, Assembly contiguity

metrics: total assembled length (a) and contig NG50 (b) across different strategies. c, Total length of anchored

contigs (i.e., contigs incorporated into chromosome-scale scaffolds) for each scaffolding method. Dashed line

indicates the estimated genome size. d, Misjoin error rates in the resulting scaffolds; lower values indicate higher

phasing and scaffolding accuracy. e, Chromosome-level phasing completeness, quantified using the Allele

Completeness Index (ACI), where higher values reflect more complete and accurate haplotype resolution. f,

Scaffold contiguity assessed by the Synteny Correlation Index (SCI), with higher values reflecting improved

contig ordering and orientation. In e and f, each point represents a scaffold; black lines denote median values.

Statistical significance was assessed using two-sided Wilcoxon rank-sum tests. g-i, Comparison of contact data

quality between Pore-C (dark salmon) and Hi-C (light pink). g, Number of valid contacts (MAPQ ≥ 2) per

gigabase (Gb) of input data. h, Cumulative length of contact-depleted regions (10-kb bins lacking any valid

contacts). i, Total length of weakly connected contigs (defined as having fewer than 25 contacts).
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Fig. 5 | Resolving chimeric and collapsed contigs improves assembly accuracy and completeness. a,

Contact heatmap (10-kb resolution) of Pore-C data highlights nine contigs in the alfalfa HiFi-UL assembly.

Five contigs are chimeras supported by Pore-C signals (utg000002l, utg000027l, utg000108l, utg000159l and

utg000599l). Predicted breakpoints are marked by different shapes: dark red upward triangles (Hitig, UL),

dark green downward triangles (Hitig, Pore-C), light red Y-shapes (Hitig, Hi-C), and light green diamonds

(HapHiC). b, Summary of the chimeric contigs in a, categorized by whether their breakpoints are supported

by Pore-C contact signals. c, Overview of the collapsed contig rescue strategy. Collapsed contigs are first

identified based on abnormal sequencing coverage, then duplicated and redistributed into other homologous

groups according to their contact patterns. The updated groups are then scaffolded into pseudomolecules.

d,e, Comparison of sequencing coverage profiles before (d) and after (e) collapsed contig rescue. Coverage

was calculated from HiFi alignments in 500-kb windows. Dashed lines indicate average coverage levels: grey

(normal, 43×) and red (collapsed, 86×). Windows exceeding the threshold (64.5×) are highlighted in orange. f,

Classification of genomic bins in d and e, based on their coverage characteristics. g,h, Genome-wide dotplot (g)

and Pore-C contact heatmap (h, 500-kb resolution) of the assembly after collapsed contig resolution, showing

improved collinearity and contact density. i, Comparison of the Allele Completeness Index (ACI) before and

after collapsed contig rescue. j, Distribution of SNP counts per rescued contig, reflecting their allelic divergence.
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Fig. 6 | Methalign improves phasing in ultra-complex polyploid genomes. a, Length distribution of contigs

categorized as anchored or unanchored. b, Violin plots of normalized contact density between anchored and

unanchored contigs. c, Left: Scaffold length distribution per chromosome (Chr01g1-Chr01g6). Right: Dot

plots showing scaffold alignments against the reference genome, highlighting structural accuracy and potential

misassemblies. d, Sequencing coverage distribution across 500-kb windows from HiFi read alignments. e-j,

Evaluation of Align versus Methalign modes, highlighting the impact of methylation-aware Pore-C alignment

on phasing and scaffolding. ’Align’ indicates direct mapping without methylation consideration. ’Methalign’

incorporates 5mC data from assemblies annotated by HiFi (HiFi-Methalign) or ONT UL (ONT-Methalign)

reads. e, Summary metrics: (top left) percentage of valid alignments (MAPQ ≥ 2); (top right) percentage of

valid reads (≥ 2 valid alignments); (bottom left) total number of valid contacts; (bottom right) total length of

weakly connected contigs. f, Proportion of valid contacts (MAPQ ≥ 2) among all detected contacts; statistical

significance determined by two-sided Wilcoxon rank-sum test. g, Total length of anchored contigs across

methods. h, Scaffold length distribution across strategies. i, Left: Scaffold length distribution for homologous

groups Chr01 and Chr06. Right: Corresponding dot plots showing alignments to the reference. j, Anchored

contig length as a function of contact count. Red dashed line: maximum value from Align; blue dashed line:

estimated sweet potato genome size (2.78 Gb).
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Fig. 7 | Improving chromosome-scale assembly of the modern cultivated sugarcane genome using C-

Phasing. a, Comparative analysis of valid contacts (left), total length of contact-completed contigs (middle), and

total length of weakly connected contigs (right) between Hi-C and Pore-C for the modern cultivated sugarcane

genome (ZZ01). b, Total length of anchored contigs in the previous assembly, the C-Phasing assembly using Hi-

C and the C-Phasing assembly using Pore-C. c, d, Assessment of allele completeness (c) and synteny correlation

index (d); each dot represents a scaffold. The P-values were derived from two-sided Wilcoxon rank-sum tests. e,

Whole genome synteny dot plot comparison, using the Erianthus rufipilus as the reference
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