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 24 
ABSTRACT 25 

The three-dimensional (3D) architecture of the genome plays a crucial role in gene regulation and 26 

various human diseases. Short-read sequencing methods for measuring 3D genome organization are 27 

powerful, but they lack the ability to resolve individual human haplotypes or structurally complex 28 

regions. To address this, we present FiberFold, a deep learning model that combines convolutional 29 

neural networks and transformer architectures to accurately predict cell-type-specific and haplotype-30 

specific 3D genome organization using multi-omic data from a single, long-read sequencing assay, 31 

Fiber-seq. By applying FiberFold to a cell line with allelic X-inactivation, we show that Topologically 32 

Associated Domains (TADs) are attenuated on the inactive chrX. Furthermore, FiberFold predicts 33 

significant changes to TADs surrounding a 13;X balanced translocation in a patient with a rare 34 

Mendelian disease. FiberFold showcases the power of integrating long-read epigenomic sequencing 35 

with deep learning tools to investigate fundamental chromatin biology as well as the molecular basis of 36 

human disease.  37 
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INTRODUCTION 38 

Given the need to compact two meters of DNA into each cell’s nucleus, humans, like all complex 39 
organisms, have evolved a set of mechanisms to organize their genome in 3D space 1. There is ever-40 

increasing evidence linking 3D genome organization to fundamental cellular processes and various 41 

diseases 2–9. To explore 3D genome structure, various short-read sequencing-based methods like Hi-C 42 

and Micro-C have been developed 10,11. Similarly, techniques like ChIP-seq, ATAC-seq, and bisulfite 43 

sequencing have been developed to probe distinct epigenetic features 12–15. Building a complete 44 

understanding of the genomic regulatory machinery in different contexts necessitates the use of 45 

multiple short-read sequencing techniques, exacerbating experimental costs. Furthermore, these short-46 

read approaches are fundamentally limited in their inability to resolve individual haplotypes, repetitive 47 

genomic regions, structural variants, and the combinatorial interactions between regulatory machinery. 48 

Recently, multiple long-read, single-molecule sequencing methods including Fiber-seq 16, SMAC-seq 17, 49 

and DiMeLo-seq 18 have emerged, addressing some of the limitations of traditional short-read assays 50 

for probing chromatin accessibility and protein-DNA interactions 19–24 . For example, Fiber-seq has been 51 

used to examine the chromatin state in previously unmappable regions of the genome, such as 52 

centromeres and telomeres25,26, to generate haplotype-specific maps of genome regulation27, to study 53 

phenomena like transcription at the single-molecule level28,29, and to dissect disease mechanisms 30,31. 54 

Other methods that utilize long-read sequencing to capture 3D genome organization, such as PoreC 32, 55 

also provide rich multi-omic information, but they still require large amounts of input material and rely on 56 

the concatenation of shorter DNA fragments (< 500 bp), which limits their ability to measure 3D 57 

genome organization in structurally variable regions or on specific haplotypes. Furthermore, like other 58 

Hi-C-like methods, these approaches require super-linearly deeper sequencing in order to improve the 59 

resolution and sensitivity of their 3D genome structure maps33,34. 60 

In parallel, recent advances in machine learning have enabled the development of frameworks to 61 

predict 3D genome organization directly from genome sequence 35–37. While these models can 62 

accurately reconstruct 3D genome architecture in the cell types used for model training, they are limited 63 

in their cross cell-type generalizability. The C.Origami framework was developed to integrate chromatin 64 

accessibility and CTCF binding information alongside genome sequence data to reconstruct de novo 65 

Hi-C maps, closely matching experimental Hi-C results 38. While powerful, this approach still requires 66 

multiple experiments and cannot provide haplotype-phased 3D genome structure information.  67 

Additionally, concerns have been raised that sequence-to-function models might learn biologically 68 

implausible patterns from training data, further limiting the generalizability of sequence-based models 69 
39–42. Recently, there has been progress in developing sequence-free models that may outperform 70 

traditional, sequence-based models 43,44. 71 
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Fiber-seq, with its ability to capture chromatin accessibility, CpG methylation, and CTCF binding in a 72 

single assay, presents an opportunity to streamline the generation of 3D genomic structure information. 73 

We hypothesized that by developing deep learning models with Fiber-seq data alone, we could 74 

accurately predict cell-type-specific Hi-C maps. Here we introduce FiberFold, a method that integrates 75 

chromatin accessibility, CTCF binding, and CpG methylation data from Fiber-seq alone to predict cell-76 

type-specific and haplotype-specific 3D genome interactions from a single assay. We demonstrate that 77 

FiberFold accurately recapitulates 3D genome structure as captured by Hi-C within and across cell-78 

types. We further utilize FiberFold to demonstrate that complex 3D topologies are attenuated on the 79 

inactive X chromosome. Finally, we showcase the clinical utility of FiberFold by predicting changes in 80 

3D genome organization caused by an autosome-X chromosomal translocation in a patient with a 81 

Mendelian condition. 82 

We anticipate that FiberFold will help to accelerate studies of genome regulation by enabling the rapid 83 
analysis of 3D genome organization in conjunction with chromatin accessibility, CTCF binding, CpG 84 

methylation, and underlying genetic variation. We believe that this is the first demonstration of the 85 

quantification of these 5 features of our individual genomes in one assay, and we hope that it will 86 

further increase the utility of single-molecule sequencing methods like Fiber-seq.  87 
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RESULTS 88 

FiberFold Architecture, Training, and Evaluation  89 

The FiberFold model architecture builds upon the foundational framework of C.Origami, with several 90 

important modifications to enhance performance and generalizability. Notably, FiberFold was designed 91 

to exclude the underlying DNA sequence from its training inputs, a deliberate choice aimed at 92 

improving the model's ability to generalize across different haplotypes and cell types. Instead of relying 93 

on sequence information, FiberFold integrates three distinct feature tracks derived entirely from Fiber-94 

seq data: chromatin actuation, which is measured using Fiber-seq Inferred Regulatory Elements 95 

(FIREs), CpG methylation (mCpG), and CTCF footprinting scores (CTCF FP). FIREs have been 96 

extensively profiled and have been shown to recapitulate signals captured by DNaseI-seq and ATAC-97 

seq, and we show that CTCF footprinting with Fiber-seq is consistent with CTCF ChIP-seq signal (Fig. 98 

1A,B, Supp. Fig. 1A,B) 16,27,31. We also included the directionality of CTCF motifs, given their functional 99 

relevance in determining 3D genomic structure 45–48. FiberFold takes in these features in a 2,097,152 100 

bp window and applies consecutive 1D residual-convolutions to compress the information in a latent 101 

space (8,192 bp resolution) that is then fed into a transformer, which learns relational long-range 102 

interactions. The output of the transformer is then fed into consecutive 2-D dilated residual convolutions 103 

to output a predicted Hi-C map at 10 kb resolution (Fig. 1C,D). 104 

 105 

 106 
Figure 1: FiberFold Overview 107 
A, Genome browser track depicting depicting ATAC-seq, Fiber-seq Inferred Regulatory elements 108 
(FiREs), and accompanying Fiber-seq single molecules, represented by purple lines, m6A on each 109 
molecule represented as box along line. B, Genome browser track depicting CTCF ChIP-seq, CTCF 110 
footprint score from Fiber-seq, and accompanying Fiber-seq single molecules. C, Framework and 111 
model architecture for FiberFold. D, Example prediction for genomic locus encompassing regions in 112 
A,B.  113 
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We performed training using Fiber-seq and Hi-C data from the extensively profiled human lymphoblast 114 

cell line GM12878 31. FiberFold was trained to predict Hi-C maps by minimizing the mean squared error 115 

between experimentally derived and model-predicted maps at 10 kb resolution. We split the genome 116 

into 2 Mb windows, sliding across the genome with a 36 kb window with a randomized shift parameter 117 

applied to these windows to increase training data diversity. We did not include regions overlapping 118 

ENCODE Blacklist region s or regions with significant coverage gaps (Methods). For model evaluation, 119 

chromosomes were split into training, validation (chr10), and test (chr15) sets. 120 

FiberFold’s performance on the test chromosome exhibited strong concordance with experimental Hi-C 121 

maps in map-to-map comparisons of the predicted bin values. (median Pearson r = 0.938, median 122 

Spearman r = 0.906 , Fig. 2A,B). We also observed strong pixel-wise concordance on test-123 

chromosome predictions across distances (Pearson r  = 0.932, Fig. 2B,C, Supp. Fig. 2 A).  124 

 125 

 126 

Figure 2: FiberFold predicts Hi-C maps accurately in GM12878 127 
A, Experimental (top) and Predicted (middle) Hi-C maps for held-out test chromosome 15 in GM12878. 128 
Maps are natural-log scaled. Upper right corner of predicted map displays Pearson R between real and 129 
predicted maps. Below Predictions are input features used for the model and associated insulation for 130 
each map (radius = 500 kb). B, Distribution of various correlations for comparisons between real and 131 
predicted Hi-C maps for held-out chromosome 15. C, Pixel-by-pixel correlation for real and predicted 132 
values across chr15, not including contacts <16.4 kb away. D, Distance stratified pixel-by-pixel 133 
correlation across the train, test, and validation sets. 134 
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We observed a significant positive correlation between CTCF footprinting scores and predicted 136 

insulation strength (r2 = .755, p = 0.0011, Supp. Fig. 2B), consistent with prior evidence that CTCF-137 

mediated loop-extrusion is the major primary contributor to chromatin compartmentalization at this 138 

scale 49–56. Furthermore, there was a monotonic relationship between CTCF footprinting scores and 139 

predicted insulation score only at sites with high Rad21 ChIP-seq occupancy (Supp. Fig. 2C) 57–59, 140 

consistent with cohesin-dependent mechanistic principles of loop-extrusion1,60,61. 141 

FiberFold generalizes to a separate human cell type 142 

3D genome structure tends to be highly conserved across diverse cell types 55. However, cell types can 143 

exhibit unique 3D genomic interactions that are biologically relevant, such as in cancers 5,6,62,63 and in 144 

both common and rare diseases 7,64,65. To assess the predictive capacity of FiberFold in a different cell 145 

type, we applied our GM12878-trained model to predict Hi-C maps using Fiber-seq data from a chronic 146 

myelogenous leukemia cell line (K562). Although K562 and GM12878 share a common lymphoid 147 

lineage differentiation pathway, previous work modeling cell-type specific contacts demonstrates that 148 

the 3D genomic organization between these two cell lines is as divergent as that observed between 149 

GM12878 and stem cells (H1 hESCs) 38. Our model maintained high predictive accuracy in K562 in 150 

both map-to-map comparisons (median ⍴ = 0.930, median ⍴s = 0.902) as well as pixel-to-pixel 151 

comparisons across stratified distances (⍴ = 0.871, Fig. 3A-C, Supp. Fig. 3 A-C) .  152 

Furthermore, FiberFold successfully identified differential 3D chromatin organization patterns between 153 

GM12878 and K562, highlighting its capacity to predict cell-type-specific 3D chromatin architectures 154 

using Fiber-seq data alone (Fig. 3A, Supp. Fig. 3C). 155 

156 
Figure 3: FiberFold predictions in a de novo cell line, K562 157 
A, Experimental and Predicted Hi-C maps for 2 genomic loci for a held out cell type, K562 (middle), 158 
training cell type, GM12878 (left), and the difference between the maps (K562 - GM12878, right). Maps 159 
are natural-log scaled. Input features used for model predictions (left, middle), and the difference 160 
between features (right) are displayed below the contact maps. B, Pixel-by-pixel correlation across all 161 
chromosomes in K562. C, Distribution of various correlations for comparisons between real and 162 
predicted Hi-C maps for held-out cell type K562. 163 
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Resolution of haplotype-selective autosomal 3D genomic structure with FiberFold 165 

Human somatic cells contain two complete copies of the genome (haplotypes), and resolving the 166 

differences between how these two copies fold within a cell is necessary for understanding the effects 167 

of genetic variation. Current short-read technologies are poorly suited for comprehensively measuring 168 

haplotype-specific 3D genomic features in humans owing to the paucity of heterozygous sites across 169 

the genome (e.g., less than 10% of Hi-C reads are typically assigned to a specific haplotype 55). As 170 

long-read sequencing data can be accurately haplotype phased, we reasoned that using haplotype-171 

resolved Fiber-seq data with FiberFold would enable predictions of haplotype-selective 3D chromatin 172 

interactions. To test this, we haplotype-phased our GM12878 Fiber-seq data using parental short-read 173 

sequencing data, and applied FiberFold separately to each of the two haplotypes. We then evaluated 174 

our haplotype-specific FiberFold data along the GM12878 X chromosome, as these GM12878 cells are 175 

known to contain allelic skewing of X chromosome inactivation (XCI) (i.e., the active X [Xa] is the 176 

paternal haplotype, and the inactive X [Xi] is the maternal haplotype) 27 (Fig. 4A). 177 

Genome-wide, we observed that the averaged FiberFold-predicted Hi-C maps across both haplotypes 178 
correlated well with the experimentally derived Hi-C data (autosome Pearson r = 0.938, chrX Pearson r 179 

= 0.91) consistent with Hi-C experimental data measuring the averaged 3D genomic structure across 180 

both haplotypes (Supp. Fig. 4A). However, these haplotype-specific Hi-C maps enabled us to identify 181 

distinct genomic locations that diverged in their predicted 3D structure between the paternal and 182 

maternal haplotypes (Fig. 4B, Supp. Fig. 4C). Notably, chromosome X showed the highest haplotype-183 

specific differences in predicted Hi-C maps (ind. t-test p < 1x10-16 , Fig. 4B-D, Supp. Fig. 4B-D), 184 

indicating that FiberFold may be uncovering differences in the 3D structure of the active and inactive X 185 

chromosome. Specifically, the predominant alteration we observed in the predicted Hi-C maps along 186 

the Xi was widespread attenuation in sub-megabase scale TADs and distal contact formation (Fig. 4C). 187 

Stratification of haplotype-specific predicted Hi-C pixel values based on their matched experimental true 188 

value demonstrated that in chrX, the Xa (i.e., paternal haplotype) disproportionately contributes to the 189 

upper and lower extrema, while this relationship is absent in autosomes (Supp. Fig. 4B).  190 

Overall, our findings indicate that the human Xi and Xa likely adopt distinct 3D chromatin interactions, 191 

which is characterized by TAD attenuation along the Xi, a pattern that has previously only been 192 

observable using highly genetically divergent mouse crosses 64–69. Importantly, this demonstrates the 193 

potential of FiberFold for enabling the comprehensive study of chrX folding in humans as opposed to 194 

mice.  195 
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 196 

Figure 4: FiberFold enables haplotype specific predictions in a bottlenecked GM12878 line 197 
A, Overview of process for predicting haplotype-specific Hi-C maps. B Locus from chrX displaying 198 
haplotype-specific Hi-C differences on chrX. From left: first map represents experimental Hi-C data; 199 
second map represents averaged Hi-C map across the haplotypes, and unphased input features; third 200 
map represents paternal predicted Hi-C map and paternal input features; fourth map represents 201 
maternal predicted Hi-C map and maternal input features; fifth map represents the difference in Hi-C 202 
maps and input features (paternal - maternal). C, Mean Absolute Error between haplotype-specific 203 
predictions, on autosomes or chrX (ind. t-test). D, (From top) Experimental, averaged across 204 
haplotypes, paternal, maternal, and differential Hi-C maps across a 22 Mb segment of chrX. 205 
 206 

Predicting 3D genome structure in a X;13 balanced translocation causing a Mendelian condition 207 

To test the ability of FiberFold to resolve haplotype-specific 3D chromatin interactions that are clinically 208 

impactful, we next applied FiberFold to Fiber-seq data from a patient-derived cell line that harbors a 209 

X;13 balanced translocation (46,XX,t(X;13)(p22.1;q14.1)) (UDN318336) that was previously shown to 210 

cause a novel Mendelian condition associated with the dysregulation of multiple genes 31. The 211 

translocation resulted in a paternal haplotype with a 50 Mb derivative chromosome 13 (der(13)), which 212 

includes 13p, part of 13q, and an inverted Xp, as well as a 210 Mb derivative chromosome X (der(X)), 213 

encompassing Xq, part of Xp, and an inverted 13q 31 (Figure 5A). Furthermore, as is typical in X-214 

autosome balanced translocations, the intact chrX is predominately subjected to XCI, resulting in der(X) 215 

remaining active 31,66,67. 216 
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Using Fiber-seq data from patient-derived retinal organoids with this translocation, and parental short-217 

read sequencing data, we generated a haplotype-phased, contig-level assembly with N50 values of 218 

82.3 Mb and 92.5 Mb for the paternal and maternal haplotypes, respectively. Importantly, we 219 

assembled 35 Mb+ contigs that spanned the translocation breakpoints (der(13) = 35.6 Mb, der(X) = 220 

45.4 Mb, chrX = 93.1 Mb, chr13 = 87.2 Mb). Using this donor-specific assembly (DSA), we were able to 221 

accurately map the Fiber-seq reads back onto these contigs and generate the regulatory feature inputs 222 

for FiberFold in a haplotype-aware manner (Fig. 5A). 223 

We observed a striking difference in the organization of the predicted 3D chromatin architecture in 224 

der(X) (i.e., Xa) compared to the homologous portion of the intact chrX (i.e., Xi). The predicted Hi-C 225 

maps on the intact chrX (i.e., Xi) suggest the formation of large, moderately compacted interaction 226 

compartments, while predictions on der(X) indicate the formation of numerous sub-megabase TADs 227 

(Fig. 5A). The difference in 3D chromatin architecture between the homologous sequences of der(X) 228 

and intact chrX forms a distinctive ‘sawtooth’ pattern, indicating a significant and preferential formation 229 

of smaller TADs on the active der(X) relative to the inactive intact chrX, or a pronounced attenuation of 230 

TADs on the inactive intact chrX, consistent with our findings along Xi in GM12878 cells (Fig. 5A-B, Fig. 231 

4D). 232 

 233 

Figure 5: FiberFold predicts 3D genome organization in a clinically relevant 13;X balanced 234 
translocation 235 
A, (Top) Cartoon depicting chr13-chrX balanced translocation affecting a 9-month-old female patient 31. 236 
(Middle) 30 Mb window depicting Hi-C predictions from FiberFold in the paternal derived chromosome 237 
(der(X)), maternal intact (chrX), and difference between them. Translocation position indicated by 238 
dotted line. Arrows denoting sequence origins and directionality. (Bottom) Input features for genomic 239 
region into FiberFold, and coverage. B, Mean distance-stratified difference per contig ± 8Mb, 240 
partitioned by breakpoint (except for 20q/p). Shaded region representing 25th and 75th percentile 241 
range. Labels indicate sequence of origin relative to the breakpoint and the homology between the 242 
sequences. 243 
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To test whether this is specific to X-derived chromatin, we also compared the homologous sequences 244 

of der(13) and chr13. There was a marked reduction in the magnitude of variability of haplotype-specific 245 

3D chromatin structure between der(13) and chr13 (Fig. 5B, Supp. Fig. 5A,C,D). In comparison, the 246 

non-homologous sequences across the translocation breakpoint exhibited a similar pattern to that 247 

observed at the non-homologous regions between der(X) and chrX (Fig. 5B, Supp. Fig. 5C). In 248 

contrast, analyzing haplotype-specific 3D chromatin structure differences between the homologous p 249 

and q arms of chr20 revealed minimal pronounced variation (Fig. 5B, Supp. Fig. 5B,D). 250 

Furthermore, FiberFold provided mechanistic insights into how der(13) alters the regulation of PDK3. 251 

Specifically, we previously observed a 3C interaction between a MAB21L1 enhancer-like element 252 

(typically located on chrX) and the PDK3 promoter (normally located on chr13) that was created 253 

selectively along der(13) 31. FiberFold predicts that this translocation results in the formation of a cross-254 

breakpoint TAD along der(13) that spans 400–500 kb, encompassing and increasing the proximity 255 

between these genetic elements (Supp. Fig. 5E). In addition, we predict that this translocation also 256 

results in the formation of a cross-breakpoint TAD along der(X). (Supp. Fig. 5E). Together, these 257 

findings indicate that multiple genes along der(13) and der(X) are potentially undergoing loss-of-258 

expression or ectopic gains-of-expression as a result this single balanced translocation.   259 
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DISCUSSION 260 

Leveraging advances in deep learning and single-molecule sequencing techniques, FiberFold enables 261 

researchers to use a single sequencing assay to assemble diploid genomes while building haplotype-262 

specific maps of chromatin accessibility, CTCF binding, CpG methylation state, and 3D genome 263 

organization. FiberFold intentionally does not utilize genomic sequence in the underlying model, with 264 

the aim of increasing the generalizability of de-novo and haplotype specific Hi-C predictions. We 265 

observe accuracies similar to state-of-the-art, sequence-based models, indicating that chromatin 266 

accessibility, CTCF binding, and CpG methylation alone are sufficient to predict 3D chromatin structure 267 

at large scales. Furthermore, we demonstrate that this training strategy enables FiberFold to generalize 268 

beyond the cell type utilized for model training. 269 

We predict widespread attenuation of TAD structures on the inactive X chromosome compared to the 270 

active X chromosome in humans. The distinctive 3D organization of the active and inactive X 271 

chromosomes has been recognized in mice crosses for over a decade 64–69, but this has been 272 

challenging to demonstrate in humans owing to the paucity of heterozygous variation along human 273 

chrX. Using two separate human cell lines with allelically skewed XCI, we demonstrate substantial 274 

differences between the 3-D organization of the Xi and Xa, providing a path forward for studying the 3-275 

D chromatin organization of chrX in humans and other species with a lack of heterozygous variation 276 

along chrX. Notably, although there is substantial attenuation of TADs on the Xi, there are still many 277 

visually distinct domains forming (Figure 4D). This differs substantially from what has been previously 278 

reported in mice, where the inactive chrX adopts a bipartite structure consisting of 2 mega-domains and 279 

is nearly entirely devoid of TADs 68–70, indicating that the mechanistic details underlying XCI may 280 

diverge between mice and humans.  281 

FiberFold has the potential to significantly streamline multi-omic analyses by enabling the joint 282 

quantification of genetic variation, CpG methylation, chromatin accessibility, protein occupancy, and 3D 283 

genomic structure in one assay (i.e., Fiber-seq). The ability of FiberFold to generate haplotype-resolved 284 

Hi-C maps further adds to the potential of Fiber-seq as a powerful tool for uncovering the genetic and 285 

molecular basis of rare diseases. Specifically, we demonstrate that FiberFold can uncover patient-286 

specific TAD alterations that are known to contribute to disease phenotypes. Consequently, we 287 

anticipate that applying FiberFold to patient-derived Fiber-seq data will enable the prioritization of 288 

genetic variants and elements that may be clinically impactful.  289 

Recently, a scATAC-seq based model has demonstrated robust performance metrics by including co-290 

accessibility matrices 43. Using single-molecule sequencing, we hope to incorporate similar signals to 291 

increase our model performance. FiberFold is currently limited in its ability to predict 3D genome 292 

structure across various window sizes and at various resolutions. We anticipate that the utilization of 293 

higher resolution micro-C data in our training, in combination with additional single-molecule Fiber-seq-294 
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derived features, will achieve even higher resolution and context lengths. Finally, as demonstrated 295 

using the Fiber-seq data from UDN318336, we anticipate that the utilization of donor-specific 296 

“isogenomic” 71 assemblies will enable the interrogation of the biological and clinical impacts of complex 297 

genomic variants that are not easily represented in reference assemblies.  298 

 299 
DATA & CODE ACCESSIBILITY 300 
GM12878 and K562 Hi-C data was accessed with GEO accession: GSE63525. ENCODE ATAC-seq 301 
bigWig accession: ENCFF603BJO. CTCF ChIP-seq bigWig accession: ENCSR000DRZ. 30x GM12878 302 
Fiber-seq data (training set) is available under NCBI Bioproject accession PRJNA1124997.  This data 303 
can be interactively explored in the UCSC genome browser with hub: https://s3-us-west-304 
1.amazonaws.com/stergachis-manuscript-data/2023/Vollger_et_al_long-read_multi-305 
ome/GM12878_pacbiome/trackHub/hub.txt K562 Fiber-seq data is available under NCBI Bioproject 306 
accession PRJNA956114. This data can be interactively explored in the UCSC genome browser with 307 
hub: https://s3-us-west-1.amazonaws.com/stergachis-manuscript-data/2024/Vollger_et_al/FIRE/K562-308 
PS00075/trackHub/hub.txt. Bottlenecked, phased GM12878 data can be accessed at https://s3-us-309 
west-1.amazonaws.com/stergachis-manuscript-310 
data/2024/Vollger_et_al/FIRE/GM12878/fire/GM12878.fire.bam. This data can be interactively explored 311 
in the UCSC genome browser with hub https://s3-us-west-1.amazonaws.com/stergachis-manuscript-312 
data/2024/Vollger_et_al/FIRE/GM12878/trackHub/hub.txt. Training and prediction code is available 313 
at https://github.com/altemoselab/fiberFold. 314 
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METHODS 339 
 340 
Hi-C Data 341 
We used publicly available Hi-C data from two human cell lines: GM12878 and K562 (GEO accession 342 
number: GSE63525, SRA: SRP050102, enzyme: MboI), and processed them using HiC-Pro 55,72,73. The 343 
reads were aligned to the hg38 reference genome, and each sample was processed independently. 344 
Following alignment, validated interaction pairs for each cell line were merged to generate a combined 345 
contact matrix. We applied Iterative Correction (ICE) normalization to the matrices using HiC-Pro's built-346 
in functions. After normalization, the .matrix files were converted to the cooler format74 using the cooltools 347 
package75. Subsequently, the .cool files were transformed into .npz format to be used as input for further 348 
analysis (cool2npy.py script from C.Origami38). 349 
 350 
ATAC-seq and ChIP-seq Data 351 
We used publicly available ATAC-seq and ChIP-seq data from the ENCODE consortium57–59. ATAC-352 
seq for figure 1A tracks was downloaded from experiment accession ENCSR637XSC with bigWig file 353 
accession ENCFF603BJO. For CTCF ChIP-seq data we accessed the bigWig file accession 354 
ENCFF644EEX under experiment accession ENCSR000DRZ. For Rad21, ChIP-seq data we used the 355 
bigWig file with accession ENCFF571ZJJ, under experiment accession ENCSR000EAC.  356 
 357 
Fiber-seq Data and Processing 358 
We used publically available 30x Coverage GM12878 Fiber-seq data31. Deep, haplotype phased 359 
GM12878 data was obtained from ref. 27. K562 Data was obtained from ref. 72. We used publically 360 
available FIRE tracks for all GM12878 data. K562 FiRE peaks were called using fibertools fire and 361 
fibertools pileup with default parameters76. To identify CpG we first used pbjasmine to call 5mC 362 
instances on single-molecules using parameters --keep-kinetics --min-passes 3. We then used pb-CpG-363 
tools (https://github.com/PacificBiosciences/pb-CpG-tools) to generate one-dimensional bedGraph style 364 
tracks for training with parameters --modsites-mode reference and –model 365 
pileup_calling_model.v1.tflite (model available on the above git page). 366 
 367 
Calling CTCF Peaks and CTCF Direction 368 
We downloaded CTCF sites (Jaspar Motif ID MA0139.1) in the hg38 genome from Jaspar 369 
(http://expdata.cmmt.ubc.ca/JASPAR/downloads/UCSC_tracks/2022/hg38/MA0139.1.tsv.gz) 77. For 370 
sites where there was more than one instance of a predicted CTCF motif, we selected the motif with the 371 
higher score to be the representative motif.  372 
We defined 3 individual modules from positions 0-6,6-13, and 13-19 (0 based, half open) 373 
(https://fiberseq.github.io/fibertools/extracting/footprint.html) within the representative motif and used 374 
fibertools footprint with default parameters to perform footprinting.  375 
To convert these single-molecule footprint calls into a continuous bigWig style track for prediction and 376 
training we then use the encodeFP.py script to process the bit flag encoding the single-molecule 377 
footprint code. Briefly, using the output of ft footprint, we iterate through every motif in the genome and 378 
at every instance of a fiber-seq read overlapping that motif, we check that all these conditions are 379 
satisfied: 380 

1) The motif does not lie within a nucleosome 381 
2) All modules containing an Adenine or Thymine are footprinted 382 

If these conditions are satisfied then we classify that motif-molecule overlap instance as a footprint. We 383 
then divide the number of footprints by sequencing depth at the motif to quantify the CTCF footprinting 384 
score. To encode CTCF motif direction we generate a bigWig file where CTCF motif instances in the 385 
sense orientation are represented with 1 and instances in the antisense orientation are represented 386 
with -1. 387 
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Filtering Low-Quality Regions 388 
Regions of the genome that are poorly mappable, low-coverage, or noisy were identified and filtered 389 
from analysis. The problematic regions included telomeric regions (50 kb from each chromosome end), 390 
centromeric regions (from the UCSC Genome Browser, hg38 assembly, centromeres track), the 391 
ENCODE blacklist 78, and regions with low coverage in GM12878 fiber-seq data. 392 
To aggregate problematic areas, we merged regions that were within 2.5 kb of each other. Additionally, 393 
regions shorter than 5 kb in length were excluded from the blacklist, yielding a final set of regions to be 394 
ignored during training. Any training window that overlapped these problematic areas by more than 50 395 
kb was filtered out, and the resulting filtered dataset was then segmented into train, test and validation 396 
sets. 397 
 398 
Model Architecture 399 
Model architecture and the training regiment was adapted from C.Origami38 with a few notable 400 
modifications. First, we do not include DNA sequence information. Second, we include CpG 401 
methylation as a track for training. Third, we include CTCF direction as input to the model. This results 402 
in a 50% reduction in parameter size in the initial encoder block of the model, as we do not include an 403 
explicit sequence encoder, just an epigenomic encoder. All Hi-C data is log transformed. All 404 
FiRE/CpG/CTCF track data is depth-normalized and thus represented between 0-1. The transformer 405 
and decoder architecture from the C.Origami model are unchanged. Similar to other 3D-genome 406 
prediction models, we optimized against a MSE loss function comparing the predicted Hi-C map with 407 
the experimental Hi-C map. 408 
 409 
Model Training 410 
Chromosomes 10 and 15 were held out for validation and testing, respectively. For the remaining 411 
chromosomes we apply a sliding window with a step of 36 kb to generate a list of windows that can be 412 
quickly sampled during training. We then filter out low-quality windows from training as defined above 413 
with bedtools. During training we apply a series of data augmentations to each window described 414 
below: 415 
1) In training we apply a random shift to every training window ( maximum shift +/ 10 kb ) every epoch.  416 
2) Like C.Origami38, we apply a gaussian shift to all features in every window with mean 0 and standard 417 
deviation of 0.1. 418 
3) We reverse the Hi-C matrix and the feature matrix with 50% probability. 419 
We trained the model on 4 A100 GPUs (40 Gb) on Stanford’s Sherlock cluster with an Adam optimizer, 420 
a learning rate of .0004, and a batch size of 8. We trained until model performance did not improve for 421 
15 epoch iterations. 422 
 423 
Correlation Calculations 424 
To calculate bulk map-wide experiment-prediction correlations across the test chromosome (chr15) we 425 
use scipy’s pearson or spearman function to calculate the correlations between the experimental or 426 
predicted map. For pixel-to-pixel comparisons we compare all pixels against each other that are at least 427 
16,384 bp away from each other, or simply an offset of 2 onward from the diagonal. To calculate 428 
insulation across windows we applied the same algorithm used in Tan et. al. 202438. Insulation was 429 
calculated with a radius of 500 kb. 430 
 431 
Cross Cell-Type Performance  432 
To calculate model performance in K562 cells, we predicted genome-wide Hi-C maps using publicly 433 
available K562 Fiber-seq data. We employed a sliding window approach with a step size of 216 kb, 434 
resulting in the prediction of 2968 Hi-C maps for K562 cells. For evaluation, we quantified both map-435 
wide correlations and pixel-by-pixel correlations, similar to our previous approach with GM12878 cells. 436 
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For comparisons between GM12878 and K562 Hi-C maps, we normalized for differences in sequencing 437 
depth between the samples. This normalization was done by calculating the mean sequencing depth 438 
across the corresponding diagonals of the Hi-C maps, determining the ratio between the cell lines, and 439 
adjusting the K562 contact information by multiplying its array by this ratio. 440 
 441 
Phasing Fiber-seq Information 442 
Phased, bottlenecked GM12878 Fiber-seq data was separated into bam files associated with the 443 
respective haplotypes using samtools. FiRE, mCpG, and CTCF footprinting tracks were then generated 444 
identically as above for each haplotype. The data from each haplotype were then processed separately. 445 
 446 
Haplotype-Specific Predictions in GM12878 447 
To analyze haplotype-specific contact maps genome-wide, we generated 2 MB windows across the 448 
genome with a step size of 500 kb. Using a previously described blacklist, we filtered out all low-quality 449 
windows. Additionally, to avoid artifacts from reference mapping due to large structural variants, we 450 
excluded windows where either haplotype had more than 10 sites with pixel values equal to or less than 451 
0, indicative of localized mapping errors. After applying these filters, we retained 3441 sites for 452 
comparison. 453 
 454 
Quantifying Haplotype-Specific Contribution to Experimental Signal 455 
To calculate the relative contribution of haplotype-specific contacts to observed experimental signals, 456 
we first separated chromosome X-specific pixels from autosome-specific pixels. For each group, we 457 
then binned the experimentally derived pixel values into decile groups. For each decile bin, we selected 458 
all predicted pixels from both haplotypes that corresponded to the pixels within that bin and calculated 459 
the 5th and 95th percentiles for these pixels. Finally, we determined the proportion of predicted pixel 460 
values from each haplotype that fell below the 10th percentile or above the 90th percentile, 461 
respectively. 462 
 463 
Generating Maps Longer Than 2 MB  464 
To generate maps larger than 2 MB, we stitched together contiguous overlapping maps. We used a 465 
step size of either 131,072 bp (for autosome-X translocation) or 262,144 bp (for GM12878). Each 466 
individual Hi-C map was then rotated 45° counterclockwise to align the inter-bin contact diagonal with 467 
the x-axis. Subsequently, we appended each overlapping map to a 3-dimensional array. At any 468 
overlapping site, we calculated the mean contact frequency across all maps that contained predictions 469 
at that site. To ensure contiguous information, we trimmed the maps, removing either 16 or 32 pixels 470 
from the top, corresponding to the 131,072 bp or 262,144 bp step, respectively. This process resulted 471 
in long-distance stitched Hi-C maps that can represent 3D genomic contacts at a maximum distance of 472 
1.967 MB or 1.835 MB. 473 
 474 
Translocation Patient Genome Assembly and Contig Classification 475 
To generate a contig-level assembly for the patient with the autosome-X translocation, we first 476 
combined all long-read Fiber-seq data from the proband into a single FASTA file. We then constructed 477 
a k-mer hash table using parental short-read data via yak v0.1 with the following command: yak count -478 
b 37. Contigs were generated using hifiasm79 v0.20.0 in trio mode with the command: hifiasm 479 
fiber_seq.reads.fa -1 paternal.yak -2 maternal.yak. Next, we aligned the assembled and phased contigs 480 
to the hg38 reference genome using minimap2 in assembly mode with the command: minimap2 -ax 481 
asm5 --MD --eqx -c 80. We identified the location of the previously known breakpoint 31 in the contigs 482 
using the liftover utility from rustybam. We then manually inspected all contigs overlapping the identified 483 
breakpoint within IGV, focusing on contigs longer than 10 MB and assessing their continuity on both 484 
sides of the breakpoint. Maternally derived contigs were expected to show continuity for both chrX and 485 
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chr13 sequences on either side of the breakpoint. Conversely, derivative chromosome contigs, der(X) 486 
and der(13), should demonstrate continuity for the original chrX or chr13 sequence on one side of the 487 
breakpoint and exhibit continuity for the translocated sequence in an inverted orientation on the 488 
opposite side, resulting in an alternate strand alignment beyond the breakpoint. 489 
 490 
Haplotype-Specific Hi-C Predictions in the Autosome-X Translocation Patient 491 
We then mapped the proband Fiber-seq data back onto the assembled and phased contigs and 492 
calculated the FiREs, CTCF footprinting score, and CTCF motif orientation, following the same 493 
procedures as before. Due to the unpolished nature of the assembly, we used the parameter -q 0 in the 494 
pb-CpG-tools command when computing CpG methylation tracks to include unphased methylation data 495 
as well. 496 
 497 
Average Distance-Stratified Differences Between Haplotypes 498 
To calculate the distance-stratified differences between haplotypes in the autosome-X translocation 499 
patient, we first generated a contiguous 16 Mb Hi-C map for each contig, centering the map at the 500 
breakpoint location on that contig. We then calculated the differences between these maps for the two 501 
haplotypes, using the breakpoint position as the boundary to partition the comparison into two groups. 502 
Subsequently, we calculated the mean difference at every length scale, as well as the 25th and 75th 503 
percentiles, and the standard deviation of the difference. Using the partitioned data, we then calculated 504 
distance-stratified p-values for differences between the two groups across all data points at every 505 
distance with a two-sided Mann-Whitney U test.  506 
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SUPPLEMENTARY FIGURES 507 

 508 

 509 
 510 

Supplementary Figure 1: Fiber-seq capture both large and fine scaled features impacing 3D 511 
chromatin structure 512 
A, Comparison of binned CTCF ChIP-seq data against binned Fiber-seq CTCF footprinting scores. B, 513 
Decile binned CTCF ChIP-seq signal and CTCF footprinting score as determined by Fiber-seq. Points 514 
represent median values, bars represent standard deviation of values. Points denote median values, 515 
error bars represent standard deviation. Dotted line represents regression line. 516 
 517 

Quantile normalized fiber-seq CTCF score vs quantile normalized encode score

Genomic feature tracks, and orthogonal tracks, for predictions in Fig. 1D
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 519 
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 521 
 522 
 523 

 524 

 525 
Supplementary Figure 2: Distance and Feature Stratification of FiberFold performance in 526 
GM12878 527 
A, Experimental and predicted pixel correlation as displayed in Fig.1C stratified by genomic distance for 528 
chr15 (held out test set) in GM12878. Pearson R displayed in upper left corner. B, Feature stratification 529 
in test-set chr15, binned by predicted insulation value. Features are standardized by dividing by the 530 
global feature mean (chr15). C, CTCF footprint score derived by Fiber-seq, binned by insulation and 531 
stratified by overlapping Rad21 ChIP-seq signal.  532 
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 542 
Supplementary Figure 3: FiberFold performance in a de novo cell line (K562) 543 
A, Experimental vs. Pixel value across all chromosomes for K562, stratified by distance. B, Pearson R 544 
across all chromosomes in K562, stratified by distance. C, Examples of Experimental and Predicted Hi-545 
C data for K562 (middle), GM12878 (left), and the difference between them (right). Underlaid are the 546 
input features (left, middle) and the input feature difference (right).  547 
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 548 

Supplementary Figure 4: Attenuated Maternal TADs on chrX 549 
A, Experimental Pixel vs. Haplotype-average predicted Pixel Value in chrX and autosomes. B, Paternal 550 
haplotype contribution to top and bottom 10% of aggregated prediction signal, stratified by experimental 551 
pixel value in chrX and autosomes (Methods). C chrX example of haplotype-specific prediction 552 
differences in Hi-C maps. D, Haplotype-specific differences displayed across a randomly selected 22 553 
Mb window in chr6. 554 
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Supplementary Figure 5: Distribution of 3D chromatin structures around der(13) and der(X) 555 
A, (Top) Cartoon depicting chr13-chrX balanced translocation affecting a 9-month-old female patient 31. 556 
(Middle) 16 Mb window depicting Hi-C predictions from FiberFold in the derived chromosome (der(13)), 557 
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intact (chr13), and difference between them. Translocation position indicated by dotted line. Arrows 558 
denoting sequence origins and directionality. (Bottom) Input features for genomic region into FiberFold, 559 
and coverage. B, Hi-C maps displayed as in A, for contiguous regions on haplotype-specific contigs 560 
representing chr20p in the patient, and the difference in their 3D contacts. C, Distance stratified 561 
significance values (Mann Whitney) for predicted contact differences in der(X), der(13), and chr20. D, 562 
Cumulative distribution of the standard deviation in contact differences across genomic distances for 563 
each comparison group. Solid lines indicate comparisons between homologous sequences (chr20p, 564 
chr20q, region of homology upstream of breakpoint on der(13), region of homology downstream of 565 
breakpoint on der(X), non-homologous region downstream of breakpoint on der(13), and non-566 
homologous region upstream of breakpoint on der(X). E, FiberFold-predicted Hi-C maps at breakpoints 567 
on derived chromosomes (dashed line). Colored boxes indicate region representing cross breakpoint 568 
contacts. Arrows denote regions with increased 3D contact frequency across breakpoint.  569 
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FIGURE LEGENDS 734 
 735 
Figure 1: FiberFold Overview 736 
A, Genome browser track depicting depicting ATAC-seq, Fiber-seq Inferred Regulatory elements 737 
(FiREs), and accompanying Fiber-seq single molecules, represented by purple lines, m6A on each 738 
molecule represented as box along line. B, Genome browser track depicting CTCF ChIP-seq, CTCF 739 
footprint score from Fiber-seq, and accompanying Fiber-seq single molecules. C, Framework and 740 
model architecture for FiberFold. D, Example prediction for genomic locus encompassing regions in 741 
A,B. 742 
Figure 2: FiberFold predicts Hi-C maps accurately in GM12878 743 
A, Experimental (top) and Predicted (middle) Hi-C maps for held-out test chromosome 15 in GM12878. 744 
Maps are natural-log scaled. Upper right corner of predicted map displays Pearson R between real and 745 
predicted maps. Below Predictions are input features used for the model and associated insulation for 746 
each map (radius = 500 kb). B, Distribution of various correlations for comparisons between real and 747 
predicted Hi-C maps for held-out chromosome 15. C, Pixel-by-pixel correlation for real and predicted 748 
values across chr15, not including contacts <16.4kb away. D, Distance stratified pixel-by-pixel 749 
correlation across the train, test, and validation sets. 750 
Figure 3: FiberFold predictions in a de novo cell line, K562 751 
A, Experimental and Predicted Hi-C maps for 2 genomic loci for a held out cell type, K562 (middle), 752 
training cell type, GM12878 (left), and the difference between the maps (K562 - GM12878, right). Maps 753 
are natural-log scaled. Input features used for model predictions (left, middle), and the difference 754 
between features (right) are displayed below the contact maps. B, Pixel-by-pixel correlation across all 755 
chromosomes in K562. C, Distribution of various correlations for comparisons between real and 756 
predicted Hi-C maps for held-out cell type K562. 757 
Figure 4: FiberFold enables haplotype specific predictions in a bottlenecked GM12878 line 758 
A, Overview of process for predicting haplotype-specific Hi-C maps. B Locus from chrX displaying 759 
haplotype-specific Hi-C differences on chrX. From left: first map represents experimental Hi-C data; 760 
second map represents averaged Hi-C map across the haplotypes, and unphased input features; third 761 
map represents paternal predicted Hi-C map and paternal input features; fourth map represents 762 
maternal predicted Hi-C map and maternal input features; fifth map represents the difference in Hi-C 763 
maps and input features (paternal - maternal). C, Mean Absolute Error between haplotype-specific 764 
predictions, on autosomes or chrX (ind. t-test). D, (From top) Experimental, averaged across 765 
haplotypes, paternal, maternal, and differential Hi-C maps across a 22 Mb segment of chrX. 766 
Figure 5: FiberFold predicts 3D genome organization in a clinically relevant 13;X balanced 767 
translocation 768 
A, (Top) Cartoon depicting chr13-chrX balanced translocation affecting a 9-month-old female patient 31. 769 
(Middle) 30 Mb window depicting Hi-C predictions from FiberFold in the paternal derived chromosome 770 
(der(X)), maternal intact (chrX), and difference between them. Translocation position indicated by 771 
dotted line. Arrows denoting sequence origins and directionality. (Bottom) Input features for genomic 772 
region into FiberFold, and coverage. B, Mean distance-stratified difference per contig ± 8Mb, 773 
partitioned by breakpoint (except for 20q/p). Shaded region representing 25th and 75th percentile 774 
range. Labels indicate sequence of origin relative to the breakpoint and the homology between the 775 
sequences. 776 
 777 
 778 
 779 
 780 
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Supplementary Figure 1: Fiber-seq capture both large and fine scaled features impacing 3D 781 
chromatin structure 782 
A, Comparison of binned CTCF ChIP-seq data against binned Fiber-seq CTCF footprinting scores. B, 783 
Decile binned CTCF ChIP-seq signal and CTCF footprinting score as determined by Fiber-seq. Points 784 
represent median values, bars represent standard deviation of values. Points denote median values, 785 
error bars represent standard deviation. Dotted line represents regression line. 786 
 787 
Supplementary Figure 2: Distance and Feature Stratification of FiberFold performance in 788 
GM12878 789 
A, Experimental and predicted pixel correlation as displayed in Fig.1C stratified by genomic distance for 790 
chr15 (held out test set) in GM12878. Pearson R displayed in upper left corner. B, Feature stratification 791 
in test-set chr15, binned by predicted insulation value. Features are standardized by dividing by the 792 
global feature mean (chr15). C, CTCF footprint score derived by Fiber-seq, binned by insulation and 793 
stratified by overlapping Rad21 ChIP-seq signal. 794 
 795 
Supplementary Figure 3: FiberFold performance in a de novo cell line (K562) 796 
A, Experimental vs. Pixel value across all chromosomes for K562, stratified by distance. B, Pearson R 797 
across all chromosomes in K562, stratified by distance. C, Examples of Experimental and Predicted Hi-798 
C data for K562 (middle), GM12878 (left), and the difference between them (right). Underlaid are the 799 
input features (left, middle) and the input feature difference (right) 800 

Supplementary Figure 4: Attenuated Maternal TADs on chrX 801 
A, Experimental Pixel vs. Haplotype-average predicted Pixel Value in chrX and autosomes. B, Paternal 802 
haplotype contribution to top and bottom 10% of aggregated prediction signal, stratified by experimental 803 
pixel value in chrX and autosomes (Methods). C chrX example of haplotype-specific prediction 804 
differences in Hi-C maps. D, Haplotype-specific differences displayed across a randomly selected 22 805 
Mb window in chr6. 806 
 807 
Supplementary Figure 5: Distribution of 3D chromatin structures around der(13) and der(X) 808 
A, (Top) Cartoon depicting chr13-chrX balanced translocation affecting a 9-month-old female patient 31. 809 
(Middle) 16 Mb window depicting Hi-C predictions from FiberFold in the derived chromosome (der(13)), 810 
intact (chr13), and difference between them. Translocation position indicated by dotted line. Arrows 811 
denoting sequence origins and directionality. (Bottom) Input features for genomic region into FiberFold, 812 
and coverage. B, Hi-C maps displayed as in A, for contiguous regions on haplotype-specific contigs 813 
representing chr20p in the patient, and the difference in their 3D contacts. C, Distance stratified 814 
significance values (Mann Whitney) for predicted contact differences in der(X), der(13), and chr20. D, 815 
Cumulative distribution of the standard deviation in contact differences across genomic distances for 816 
each comparison group. Solid lines indicate comparisons between homologous sequences (chr20p, 817 
chr20q, region of homology upstream of breakpoint on der(13), region of homology downstream of 818 
breakpoint on der(X), non-homologous region downstream of breakpoint on der(13), and non-819 
homologous region upstream of breakpoint on der(X). E, FiberFold-predicted Hi-C maps at breakpoints 820 
on derived chromosomes (dashed line). Colored boxes indicate region representing cross breakpoint 821 
contacts. Arrows denote regions with increased 3D contact frequency across breakpoint. 822 
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