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ABSTRACT OF THE DISSERTATION

Novel Algorithmic Strategies for Improving De Novo Genome Assembly

by

Sakshar Chakravarty

Doctor of Philosophy, Graduate Program in Computer Science
University of California, Riverside, March 2026

Professor Stefano Lonardi, Chairperson

Approximately 8.7 million eukaryotic species exist on Earth, yet only a small fraction have been

fully sequenced. Although sequencing costs continue to decline, de novo genome assembly re-

mains challenging, requiring substantial expertise, computational resources, and time. From a

computational standpoint, these challenges arise from the highly repetitive nature of eukaryotic

genomes, short read lengths, uneven or ultra-deep sequencing coverage, sequencing errors, and

chimeric reads. Despite decades of algorithmic advances, modern assemblers still struggle with

highly repetitive regions that often harbor important functional and regulatory elements. The diffi-

culty of producing complete assemblies is underscored by the 20-year effort required to resolve the

final 8% of the human genome.

In this dissertation, we leverage single-copy k-mers (hereafter unikmers) for accurate read

anchoring, overlap detection, and read partitioning in de novo genome assembly using highly accu-

rate PacBio HiFi reads. Unikmers are defined as k-mers whose frequencies are close to the average

sequencing depth, reflecting sequences that occur only once in the genome rather than sequencing

errors. First, we introduce a statistical framework to identify unikmers directly from sequencing
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reads without requiring a reference genome or a prior assembly. These unikmers are next applied

to two separate genome assembly tasks.

As our first application, we introduce RAmbler, a genome assembler specialized for re-

solving complex repetitive regions from PacBio HiFi reads. RAmbler detects repetitive regions,

barcodes the reads using unikmers, and uses these barcoded reads to generate a consensus assem-

bly. We evaluate RAmbler against state-of-the-art assemblers including hifiasm, LJA, HiCANU,

and Verkko on over 250 synthetic HiFi datasets spanning diverse repeat structures and sequencing

conditions. RAmbler outperforms competing methods on most datasets and successfully recon-

structs centromeres and other complex repeats in the human genome, achieving assembly quality

comparable to the manually curated telomere-to-telomere human genome without manual interven-

tion.

Finally, we address the largely unexplored problem of optimal read selection under ultra-

deep sequencing conditions. We show that this problem is related to the NP-hard minimum tiling

path problem and propose AWinK, a unikmer-based heuristic that selects informative read subsets.

Across synthetic and real datasets, AWinK consistently produces highly contiguous and accurate

assemblies, outperforming six alternative read-selection strategies.
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Chapter 1

Introduction

Approximately 8.7 million eukaryotic species exist on our planet, yet only a few tens

of thousands have had their genomes sequenced [90]. Prokaryotes are also likely to number in

the tens of millions. Assembling a large eukaryotic genome is still a challenging task: it requires

significant expertise, money, computational resources, and time. To enable Life Scientists to access

the genomes of more species, the quality of sequencing data must continue to increase while the

cost must continue to decrease. At the same time, more efficient and accurate assembly algorithms

must become available.

Given the broad biological impact of obtaining the genome for a new organism, de novo

genome assembly is one of the most critical problems in computational biology. Despite tremen-

dous algorithmic progress, the problem is not yet completely solved. The assembly problem remains

challenging due to the highly repetitive content of eukaryotic genomes, short read length, uneven se-

quencing coverage, non-uniform sequencing errors and chimeric reads [22, 135]. Repetitive regions

(or segmental duplications) are the primary reasons for which de novo genome assemblies are often
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Generation Name Avg. read length Accuracy (%) Throughput (Mb/h) Cost/Gbp (USD)

1st Sanger 500-600 bp 99.99 0.1 Very high

2nd (NGS)
Illumina 50-600 bp 99.9 170-67000 5-150

SOLiD 35-50 bp 99.9 5-15 60-130

3rd

PacBio CLR 10-30 kbp 87 1300 7.2-43.3

Oxford Nanopore 10-100 kbp 92-97 700 7-100

PacBio HiFi 10-25 kbp 99.8 < CLR/ONT ∼100

Table 1.1: DNA sequencing technologies (source: [33, 111])

fragmented and incomplete. A large fraction of eukaryotic genomes is made of repetitive elements,

including satellite DNA, mini-satellites, micro-satellites, and DNA/RNA transposons. Several stud-

ies have shown that expansions or mutations of these repetitive regions are linked to a variety of

human diseases, ranging from neurological diseases to cancers (see [115, 57, 49] for a review). The

inability of sequencing instruments to generate reads that can span long repeats has consistently

challenged genome assembly algorithms.

Table 1.1 describes different generations of sequencing technologies and platforms with

respect to the average length of reads, accuracy, throughput and cost. The third generation of se-

quencing technology on the market, e.g., Pacific Biosciences (PacBio) [37, 102, 109, 55, 66] and

Oxford Nanopore (ONT) [30, 103, 7, 81], offers longer reads at a higher cost per base than the

second generation, but the sequencing error rate is much higher. The introduction of PacBio HiFi

sequencing at the end of 2019 has been a “game-changer” in genome assembly, because it can

produce read lengths typically ranging 10-25 kb with accuracy greater than 99.8% [133]. HiFi se-

quencing greatly improved human assemblies [96, 101, 116, 44] and many other genomes (see, e.g.,

2



Figure 1.1: The value of contig N50 for over three thousand plant assemblies ordered by the year

of publication; the type of sequencing technology is indicated by the color of each point; Legend:

‘HiFi’ = PacBio HiFi; ‘NGS’ = Illumina; ‘Other TGS’ = {PacBio CLR, ONT} (source: [134])

[134, 51]).

The number of species being sequenced and assembled is increasing rapidly. A study

published on 04/2024 reports on a comprehensive analysis of over three thousand plant genomes

assembled from 2000 to 2023 [134]. From 2000 to 2020, 1,144 genomes of 782 plant species were

sequenced and assembled. From 2021 to 2023, 2,373 genomes of 1,031 plant species, including

793 newly sequenced species, were sequenced and assembled. Interestingly, out of the 2,373 newly

assembled genomes, only 63 were chromosome-level assemblies, which is a testimony to the dif-

ficulty of achieving such a level of completeness. Figure 1.1 (reproduced from [134]) shows the

value of contig N50 for these three thousand plant assemblies ordered by the year of publication.

A few observations are in order. (i) PacBio HiFi (light blue) dominates for genome assembly in
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Figure 1.2: The distribution of contig N50 of plant genomes and pan-genomes ordered by the year

of publication between 2000 and 2023 along with their level of completeness

the last few years and increasing contiguity (N50), (ii) ultra-long Oxford Nanopore (orange) is rare,

likely due to its high cost, (iii) Illumina (dark blue color) has not been used much in the last few

years, probably because it yields low contiguity assemblies, (iv) the “other-TGS” platforms which

includes PacBio CLR and ONT are still heavily used. The authors of [134] reported that PacBio

CLR, PacBio HiFi and ONT accounted for 94.0% of the genome sequencing projects in the past

three years, with the remaining 6.0% using Illumina technology. For the few chromosome-level as-

semblies, hifiasm [26] was the assembler predominantly used for contig assembly, nextpolish [54]

was the tool predominantly used for polishing, and 3D-DNA [36] was the most used scaffolding

tool. Additionally, Figure 1.2 shows the distribution of contig N50 of plant genomes and pan-

genomes assembled between 2000 and 2023 depicting the ratio between the numbers of individual

plant genomes and pan-genomes assembled at either Chromosome or non-Chromosome level.
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Figure 1.3: Number of human genomes assembled between 2000 and 2020 at either Chromosome

or non-Chromosome level

1.1 Limitations of Current Solutions

The state-of-the-art in genome assembly is probably best illustrated by 30+ years of efforts to ob-

tain the complete sequence of the human genome. In the summer of 2000, the Human Genome

Sequencing Consortium announced a draft of the human genome sequence that accounted for 90%

of the genome and contained more than 150,000 gaps. In 2003, the consortium announced that it

had generated an “essentially complete” human genome sequence that accounted for 92% of the hu-

man genome and had about 400 gaps. The telomere-to-telomere (T2T) human genome sequencing

project took advantage of PacBio HiFi and ultra-long ONT reads and in April 2023 (twenty years

later), they finally closed almost all the gaps in the remaining 8% of the genome and achieved 99.9%

completeness [87, 79, 53, 95, 105]. Figure 1.3 shows the number of human genomes assembled be-
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tween 2000 and 2020 at either Chromosome or non-Chromosome level and Figure 1.4 illustrates

the level of completeness for human genome assembly achieved over time. As shown in Figure 1.4,

by 2021, researchers had resolved nearly all previously incomplete regions of the human reference

genome, producing an assembly of approximately 3.05 billion base pairs, with an estimated 0.3%

of the sequence still containing errors.

The data for the T2T-CHM13 included 30× PacBio HiFi, 120× of ultra-long Oxford

Nanopore, 70× of PacBio CLR, 50× of 10X Genomics, Bionano optical maps, and 70× Illumina

HiC [87, 79]. CHM13 is a haploid genome: it originated from an ovum without maternal chromo-

somes fertilized by one sperm, leading to two nearly identical paternal haploid complements with

an X chromosome, eliminating the need to phase haplotypes and avoid associated diploid assem-

bly errors. Completing the T2T-CHM13 assembly required substantial resources, including manual

curation by dozens of people over several years, with different groups focused on each chromosome.

Another recent human genome project further exemplifies the challenges of obtaining

an error-free gapless assembly. The recent HG002 human genome assembly was carried out by

the Human Pangenome Reference Consortium (HPRC) using PacBio HiFi, PacBio CLR, Oxford

Nanopore, ultra-long Oxford Nanopore, HiC (Illumina), 10X Genomics, Bionano optical map, and

Strand-Seq. HPRC used the Verkko assembler [105], followed by intense manual curation, namely

(i) ONT-based patching to resolve HiFi coverage gaps, (ii) manual resolution of tangles, and (iii)

Strand-Seq and HiC based scaffolding. Despite these efforts and cost, the v0.7 assembly released

at the end of 2022 had nine multi-million base pair gaps in chromosomes 13, 14, 15, 21, and 22

corresponding to the rDNA arrays and 352 regions were flagged having assembly issues. A team

of curators identified more than 33,000 patches to obtain v1.0 after an additional year of work. The
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nine multi-million base pair gaps in chromosomes 13, 14, 15, 21, and 22 are still present in the v1.0

assembly.

The assembly of HG002 offered an opportunity to test and compare software pipelines

for genome assembly. In a companion paper [59], many assembly pipelines were tested, including

CANU [70], HiCANU [96], CrossStitch, DipAsm [44], FALCON Unzip [29], Flye [69], hifiasm

[26], MaSuRCA [143], NECAT [25], Peregrine [28], Shasta [114] and wtdbg2 [110] (Table 1.2

provides a summary of different genome assembly tools utilizing different sequencing technologies

along with brief descriptions). The authors noted that “Bionano maps and HiC revealed a handful to

several hundred scaffolding errors per assembly, including: missed joins, misjoins, and erroneous

inversions or false duplications. There were also within contigs errors: chimeric joins without

a gap; sequence expansions; and sequence collapses.” They also noted that “There was no one

approach, without using a highly curated reference, that was free of one or more scaffold or contig

errors in an automated process . . . each approach avoided at least one type of error that others did

not.”

As mentioned previously, in the plant world, out of the 2,373 plant genomes reported in

[134], only 63 were telomere-to-telomere (or chromosome-level) assemblies. Regarding the notion

of T2T, the authors of [134] noted that “despite the claimed high quality, genome quality varies

substantially owing to a lack of independent third-party assessment using uniform parameters . . .

In this study, genomes were considered to be T2T only if they contained at least half of the total

number of chromosomes with both ends (that is, telomeres) assembled.” In the context of their

paper, T2T does not mean gapless.

As it is evident from all these efforts to obtain a gapless T2T assembly for human and plant
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Tool Year/s Data Structures Technologies Description

Velvet [139] 2007/11 DBG Illumina Small genomes

Edena [50] 2008 OLC Illumina Small bacterial genomes

ABySS [118, 58] 2009/17 DBG Sanger, NGS Large genome assembly of short reads (genomic & transcriptomic)

Ray [13] 2010 DBG Roche/454, Illumina A suite of assemblers including de novo, metagenomic, ontology and taxonomic profiling

SGA [117] 2012 SG NGS Large genomes from high coverage short reads

SPAdes [9] 2012/21 DBG NGS, PacBio SMRT, ONT Small genomes, single-cell

Falcon [29] 2014/17 Hybrid PacBio SMRT Diploid genomes

Miniasm [74] 2016 SG PacBio SMRT, ONT Small and large, haploid/diploid genomes, memory efficient

CANU [70, 96] 2001/18 Hybrid PacBio SMRT, ONT, HiFi Small and large, haploid/diploid genomes

Flye [69] 2019 DBG PacBio SMRT, ONT, HiFi Long-read assembly for managing repetitive and complex genomic regions via repeat graphs

hifiasm [26] 2021 Hybrid PacBio HiFi Specialized for haplotype resolved assembly

LJA [8] 2022 DBG PacBio HiFi Automated assemblies of long, HiFi reads

Verkko [105] 2023 Hybrid PacBio HiFi, ONT Telomere-to-telomere assembly of diploid chromosomes

Table 1.2: A brief history of genome assembly tools; here, ‘DBG’ refers to De Bruijn Graph,

‘OLC’ refers to Overlap-Layout-Consensus, ‘SG’ refers to String Graph, and ‘Hybrid’ refers to a

combination of more than one Data Structures into a single assembly pipeline

genomes, eukaryotic de novo genome assembly requires not only a significant amount of resources

to generate all kinds of sequencing data and genome-wide maps, but also intense and laborious

manual curation. In this thesis, we address some of these challenges by focusing on the problem

of closing the gaps, e.g., assembling complex repetitive sequences [21, 22] and dealing with the

assembly problem of ultra-deep sequencing HiFi data.

The problem of reconstructing repetitive regions (segmental duplications) has been ad-

dressed a few times in the literature, but all published works assume that the input reads have a

relatively high sequencing error rate (e.g., PacBio CLR or ONT). For instance, the Segmental Du-

plication Assembler (SDA) constructs graphs where paralogous sequence variants define the nodes

and long-read sequences provide either attraction and repulsion edges allowing the tool to parti-
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tion and assemble noisy long reads corresponding to distinct paralogs [128]. Experimental results,

however, show that most of the SDA assembled paralogs are not linked to their flanking unique se-

quences, i.e., remain orphan contigs [34]. In addition, SDA “is no longer maintained and should not

be used . . . assembly tools like Flye, HiCanu, and hifiasm outperform any results previously possible

with SDA.” (quote from the SDA github). HERA addresses the same problem by building an undi-

rected overlap graph consisting of two types of nodes: anchoring nodes to represent pre-assembled

contigs and read nodes to represent long noisy reads [34]. Noisy raw reads are corrected in HERA

by using the self-correction module in CANU [70], then the overlaps between all sequences includ-

ing the contigs and the corrected reads are identified using BWA. Using the overlap graph, HERA

tries to maximize the number of identified anchoring node pairs that represent adjacent contigs.

CentroFlye [16] was also designed with ultra-long error-prone reads in mind. While experimental

results showed that centroFlye can reconstruct the centromeres of human chromosomes 6 and X, its

memory usage is prohibitive (800 GB of RAM to reconstruct the X centromere).

1.2 Single-copy k-mers for Genome Assembly

A single copy k-mer (hereafter called unikmer) is a k-mer that occurs a number of times approxi-

mately equal to the average sequencing depth µ in the input reads. Please note that unikmers are not

k-mers that appear only once in the reads: those k-mers typically correspond to sequencing errors.

For instance, if the average sequencing depth is µ = 30× and k = 21, all 21-mers that appear about

30 times in the set of all reads are unikmers. Since these k-mers are expected to appear only once

in the genome, they can be used as “anchors”. The main idea is that we can determine a reliable

mapping of a read r in the genome if the set of unikmers in r matches another set of unikmers

9
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Figure 1.4: The level of completeness for human genome assembly achieved over time between

2000 and 2021 (source: [106]). Note: Includes X but not Y chromosome and Count excludes

mitochondrial DNA

in a particular position in the genome (in the same order and relative distance). Similarly, we can

determine whether two reads are likely to be overlapping in the genome if they share a sufficient

number of common unikmers (in the same order and relative distance). Please observe that for this

idea to work, the reads must be essentially error-free, thus the need for PacBio HiFi reads.

When dealing with the assembly of repetitive regions, we assume that the copies in the

repetitive region (called monomers) are not identical to each other. If all the monomers were identi-

cal, the problem of resolving all the copies of the repetitive region would be impossible (unless we

can get reads long enough that they would span the entire repetitive region). We can therefore rely

on the presence of mutations (or variants) to distinguish and partition the HiFi reads that belong to
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different repeat copies within a repetitive region. In other words, we expect each monomer to have

its own “signature” of variations. Each mutation is likely to induce a unikmer, i.e., a k-mer that

occurs a number of times approximately equal to the average sequencing depth in the reads.

To the best of our knowledge, the first use of single-copy k-mers dates to 2010 [122].

In their paper, Sudmant et al., define the notion of a singly unique nucleotide (SUN) sequence in

a genome. The authors claimed that “SUNs are a distinct class of paralogous sequence variants

that uniquely tag a specific paralog” and used them to provide accurate estimates of copy number

variation and multi-copy genes in the human genome. Ten years later, the same lab developed a

method to assemble human chromosome 8 by exploiting the use of single-copy k-mers to resolve

complex repetitive regions in its centromere [79]. CentroFlye [16] also used rare k-mers (although

not necessarily single-copy) to classify reads that belong to the repetitive regions. The same group

used the idea of using rare k-mers for the problem of mapping long reads accurately in the presence

of repeats [88, 15, 17]. The latest incarnation of this idea appears in the mapping tool UniAligner

[17], which uses shortest unique substrings (i.e., variable-length k-mers) as anchors for the dynamic

programming alignment.

1.3 Thesis Organization

Figure 1.5 summarizes different components and tasks involved in a general de novo genome assem-

bly pipeline. As mentioned above, despite thirty years of tremendous algorithmic progress driven by

advances in sequencing technology, the problem of de novo genome assembly is not yet completely

solved. In this thesis, we focus on two specific aspects of the problem that are still unresolved uti-

lizing unikmers and PacBio HiFi reads exclusively, namely (i) assembling highly repetitive regions

11



Illumina reads

Hi-C reads

PacBio HiFi reads

PacBio reads

Nanopore reads

Optical mapGenetic map

Linked reads (10x)

Trimming

Error correction

...

Selection

Contigs

Stitching

Misassembly correction

Scaffolding

Polishing

Gap filling

...

Repeat reconstruction

Final assembly

Assembler

Pre-assembly

Post-assembly
Assembly

Figure 1.5: A summary of components and tasks involved in de novo genome assembly pipeline

of the genome [21, 22] which is a post-assembly task, and (ii) assembling ultra-deep sequencing

data (i.e., sequencing depth higher than 1,000×) via optimal selection of reads [23] which is a

pre-assembly task as shown in Figure 1.5.

In Chapter 2, we introduce a statistical framework for extracting unikmers from long-read

sequencing data and propose a novel repeat assembler. We conduct extensive experimental evalua-

tions on synthetic datasets to benchmark our approach against several state-of-the-art assemblers. In

Chapter 3, we extend this repeat assembly framework to handle cycles in overlap graphs, enabling

improved reconstruction of more complex repetitive regions. We then apply our method to assemble

multiple repetitive regions from the genomes of Homo sapiens and Arabidopsis thaliana, and assess

assembly quality by comparison with the best available telomere-to-telomere (T2T)-level reference

assemblies. In Chapter 4, we address the challenge of de novo genome assembly under ultra-deep

sequencing coverage by proposing an approximation algorithm that leverages unikmers for optimal

read selection. We evaluate the effectiveness of this approach through comprehensive comparisons

with several widely used read selection strategies. Chapter 5 presents additional studies arising from
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collaborative research efforts. In Section 5.1, we investigate DNA methylation patterns across six

plant species and introduce a deep learning framework inspired by large language models (LLMs) to

predict cytosine methylation at low-coverage sites [40]. In Section 5.2, we describe a visualization

tool for analyzing the genomic localization of multigene families [119, 120]. Finally, we summarize

our contributions and discuss future research directions in Chapter 6.

1.4 Publications

This section lists the publications produced as part of the research conducted for this thesis:

• Chakravarty S, Logsdon G, and Lonardi S. 2023. “RAmbler: de novo genome assembly

of complex repetitive regions”. In Proceedings of the 14th ACM International Conference

on Bioinformatics, Computational Biology, and Health Informatics (BCB ’23). Association

for Computing Machinery, New York, NY, USA, Article 13, 1. https://doi.org/10.

1145/3584371.3612971 → Chapter 2

• Chakravarty S, Logsdon G, and Lonardi S. “RAmbler resolves complex repeats in human

Chromosomes 8, 19, and X”. Genome Research. 2025; 35(4): 863–876. https://doi.

org/10.1101/gr.279308.124 → Chapter 3

• Chakravarty S and Lonardi S. 2025. “Towards optimal selection of ultra-deep sequenc-

ing reads for de novo genome assembly”. In Proceedings of the 16th ACM International

Conference on Bioinformatics, Computational Biology, and Health Informatics (BCB ’25).

Association for Computing Machinery, New York, NY, USA, Article 42, 1–6. https:

//doi.org/10.1145/3765612.3767210 → Chapter 4
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• Feng H, Chakravarty S, and Lonardi S. “Prediction of DNA Methylation with Long-Range

State-Space Models”. IEEE Transactions on Computational Biology and Bioinformatics.

2025; 22(6): 3584–3590. https://doi.org/10.1109/TCBBIO.2025.3634738

→ Section 5.1

• Singh P, Lonardi S, Liang Q, Vydyam P, Khabirova E, Fang T, Gihaz S, Thekkiniath J, Mun-

shi M, Abel S, Ciampossin L, Batugedara G, Gupta M, Lu X M, Lenz T, Chakravarty S,

Cornillot E, Hu Y, Ma W, Gonzalez L M, Sánchez S, Estrada K, Sánchez-Flores A, Mon-

tero E, Harb O S, Le Roch K G, Mamoun C B. “Babesia duncani multi-omics identifies

virulence factors and drug targets”. Nature Microbiology. 2023; 8(5): 845–859. https:

//doi.org/10.1038/s41564-023-01360-8 → Section 5.2

• Singh P, Vydyam P, Fang T, Estrada K, Gonzalez L M, Grande R, Kumar M, Chakravarty

S, Berry V, Ranwez V, Carcy B, Depoix D, Sánchez S, Cornillot E, Abel S, Ciampossin L,

Lenz T, Harb O, Sánchez-Flores A, Montero E, Le Roch K G, Lonardi S, Mamoun C B.

“Insights into the evolution, virulence and speciation of Babesia MO1 and Babesia divergens

through multiomics analyses”. Emerging Microbes & Infections. 2024; 13(1). https:

//doi.org/10.1080/22221751.2024.2386136 → Section 5.2

14

https://doi.org/10.1109/TCBBIO.2025.3634738
https://doi.org/10.1038/s41564-023-01360-8
https://doi.org/10.1038/s41564-023-01360-8
https://doi.org/10.1080/22221751.2024.2386136
https://doi.org/10.1080/22221751.2024.2386136


Chapter 2

RAmbler: De Novo Genome Assembly of

Complex Repetitive Regions

2.1 Introduction

Repetitive regions (or segmental duplications) are the primary reasons for which de novo genome

assemblies are often fragmented and incomplete. A large fraction of eukaryotic genomes is made

of repetitive elements, including satellite DNA, mini-satellites, micro-satellites, and DNA/RNA

transposons [91, 64, 126, 14]. For instance, Figure 2.1 illustrates the frequency of repeats present

in seven plant species [24]. Several studies have shown that expansions or mutations of repetitive

regions are linked to a variety of human diseases, ranging from neurological diseases to cancers (see

[78] for a review). Although many repeats were considered non-functional, they have been shown

to impact gene expression, contributing to genetic disorders [49, 57, 115].

The problem of reconstructing repetitive regions (segmental duplications) has been ad-
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Figure 2.1: A frequency histogram of unresolved repeats in seven plant genomes (2015); the x-axis

represents the repeat size (in kb); the y-axis represents the number of copies in each genome of

those repeats’ sizes (Figure reproduced with permission [24])

dressed several times in the literature, e.g., [19, 128, 16]. The Segmental Duplication Assembler

(SDA) by [128] is no longer maintained. More recently, [16] proposed CentroFlye to address the

problem of reconstructing human centromeres. CentroFlye is a specialized assembler that uses

error-prone ONT or PacBio CLR reads. It also requires additional information such as higher-order

repeats (HORs) or monomers. This limits its applicability to species for which HORs or monomers

are known. In addition, CentroFlye is very demanding in terms of computational resources. While

SDA, CentroFlye and the assembler for human Chromosome 8 by [79] are specialized tools for re-

constructing segmental duplications or centromeres, they were designed for error-prone long reads.

To the best of our knowledge, there is no specialized assembler for reconstructing repeats that uses

PacBio HiFi reads exclusively.
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2.1.1 Contributions

In this chapter, (1) we carry out the first statistical analysis on the method to extract single copy

k-mers for PacBio HiFi and Oxford Nanopore reads; (2) we develop a new assembly method, called

RAmbler, that takes advantage of single copy k-mers to resolve complex repetitive regions; (3) we

compare RAmbler against state-of-the-art assemblers (hifiasm [26], LJA [8], HiCANU [96] and

Verkko [105]) on more than 250 synthetic data sets; (4) we introduce a new quality metric, called

assembly score, for genome assemblies that incorporates completeness, contiguity and number of

mis-assemblies in one consolidated measure.

2.2 Methods

2.2.1 Problem Formulation

We assume that (1) the genome G contains n repetitive regions {R1, . . . , Ri, . . . , Rn}, (2) each

repetitive region Ri is composed of ti tandem copies of a string αi, (3) each tandem copy has

sufficient variations that allows it to be distinguished from another copy; we assume that each copy

contains SNPs with probability p (e.g., p = 1/100), and its length can increase or decrease by

at most L%. Given a set T of HiFi reads and the draft genome G, the objective is to produce

a set {F1, . . . , Fi, . . . , Fn} of n assemblies, where each Fi is as “similar as possible” to Ri. In

particular, if the assembly Fi contains t′i copies of the repeat unit, we want t′i as close as ti as possible

(see Figure 2.2). For synthetic data, we measure the quality of the assembly Fi by comparing

it to Ri using QUAST [48], i.e., we report the fraction of Ri covered by Fi (ideally 100%), the

number of mis-assembled contigs in Fi (ideally zero), and the number of contigs in Fi (ideally

17



α1 αtα2 α3 ... αt-2 αt-1upstream downstream

αupstream downstream

α'1 α't'α'2 α'3 ... α't'-2 α't'-1upstream downstream

...Genome:

Typical assemblers:

What we want:

long tandem repeat

collapsed repeat

reconstructed repeat

Figure 2.2: The problem formulation: tandem repeats α1, α2, . . . , αt are over-collapsed by tradi-

tional assemblers; we want to reconstruct all the copies of the repetitive regions

one). When the ground truth is unavailable (i.e., for real data sets), a qualitative assessment of the

assembly’s accuracy can be obtained by aligning Fi with the corresponding repeat unit αi. The

alignment, visualized as a dot plot, can provide a qualitative measure on how well the repeat units

are assembled.

2.2.2 Repeat Identification

To identify the repetitive regions {R1, . . . , Rn}, we map the HiFi reads T against the draft genome

assembly G. Since unresolved tandem repeats are collapsed in the draft assembly, they can be

identified by a spike in mapping coverage. For instance, Figure 2.3 shows the mapping coverage

of an unresolved tandem repeat in Chromosome XII of Saccharomyces cerevisiae which is known

to contain ∼150 tandemly repeated copies of a 9.1 kb rDNA unit [63, 68]. This region is the only

unresolved non-telomeric gap in the current S. cerevisiae assembly. Table 2.1 summarizes the data

sets for S. cerevisiae used in this study.
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Organism
Reference Illumina (NGS) Oxford Nanopore (ONT) PacBio HiFi (HiFi)

Genome Accession/Link Coverage Accession/Link Coverage Accession/Link Coverage

Yeast
R64 (S288C) - -

SRR15597407 ∼140× SRR13577847 ∼85.5×

(S. cerevisiae) SRR18365585 ∼50× SRR18210286 ∼188×

Table 2.1: Data sets for S. cerevisiae

Figure 2.3: PacBio HiFi mapping coverage for Chromosome XII in Saccharomyces cerevisiae il-

lustrated using NucFreq; the coverage spike indicates the presence of a repetitive region which is

known to contain ∼150 tandemly repeated copies of a 9.1 kb rDNA unit

2.2.3 Analysis of k-mer Distribution

Recall that we assume that the copies in the repetitive region are not identical to each other. If

all the copies were identical, the problem of resolving repeats would be impossible, unless one can

produce reads so long that they span the entire repetitive region. We rely on the presence of the SNPs

to distinguish and partition the HiFi reads that belong to different repeat copies within a repetitive

region. When distinct SNPs are present among the different copies, we expect those copies to have

their own SNP signatures.

Each SNP is likely to induce a unique (or single-copy) k-mer, i.e., a k-mer that occurs a

number of times approximately equal to the expected sequencing coverage. We call these k-mers,
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Figure 2.4: PacBio HiFi k-mer distribution for k = 17 (A1), k = 21 (B1) and k = 25 (C1) for

Saccharomyces cerevisiae; precision, recall, and F1-score for unikmers when k = 17 (A2), k = 21

(B2) and k = 25 (C2) for longer and longer intervals centered at the average sequencing coverage

20



0

5

10

15

20

25

30

35

20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 10
0

10
5

11
0

11
5

12
0

12
5

13
0

13
5

14
0

# 
of

 k
-m

er
s 

(×
10

00
0)

Frequency

A1.

0
10
20
30
40
50
60
70
80
90
100

[60] [47-73] [34-86] [21-99] [8-112]

Va
lu

e 
(%

)

Frequency interval

A2.

Recall

Precision

F1-score

0
5
10
15
20
25
30
35
40

20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 10
0

10
5

11
0

11
5

12
0

12
5

13
0

13
5

14
0

# 
of

 k
-m

er
s 

(×
10

00
0)

Frequency

B1.

0
10
20
30
40
50
60
70
80
90
100

[53] [41-65] [29-77] [17-89] [5-101]

Va
lu

e 
(%

)

Frequency interval

B2.

Recall

Precision

F1-score

0
5
10
15
20
25
30
35
40

20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 10
0

10
5

11
0

11
5

12
0

12
5

13
0

13
5

14
0

# 
of

 k
-m

er
s 

(×
10

00
0)

Frequency

C1.

0
10
20
30
40
50
60
70
80
90
100

[49] [38-60] [27-71] [16-82] [5-93]

Va
lu

e 
(%

)

Frequency interval

C2.

Recall

Precision

F1-score

Figure 2.5: Oxford Nanopore k-mer distribution for k = 17 (A1), k = 21 (B1) and k = 25 (C1)

for Saccharomyces cerevisiae dataset (SRA accession SRR18365585, ∼50× coverage); precision,

recall, and F1-score for unikmers when k = 17 (A2), k = 21 (B2) and k = 25 (C2) for larger and

larger intervals centered at the average sequencing coverage
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unikmers. Unikmers (called SUNKs in [79] or SUNs in [122]) were crucial to resolve the assembly

of human Chromosome 8, but to the best of our knowledge they have not been used in any other

assembly method. Please note that unikmers are NOT k-mers that appear only once in the reads:

those k-mers correspond to sequencing errors.

One of the contributions of our study is to provide a method to identify unikmers from

the reads, and analyze its accuracy and precision. RAmbler finds unikmers by selecting all k-mers

in the HiFi reads that have a number of occurrences within the interval [µ− tσ, µ+ tσ], where µ is

the average sequencing depth of the HiFi reads, σ is the standard deviation of the sequencing depth,

and k and t are user-defined parameters.

We investigate how to choose k and t in the following analysis. (1) We determine the set of

true unikmers in the Saccharomyces cerevisiae genome to serve as the ground truth. (2) We compute

the k-mer distribution for a set of real HiFi reads (SRA accession SRR13577847) and ONT reads

(SRA accession SRR18365585) for S. cerevisiae using Jellyfish [85]. The left column of Figure 2.4

shows the k-mer distribution for HiFi reads for k = 17 (Figure 2.4-A1), k = 21 (Figure 2.4-

B1) and k = 25 (Figure 2.4-C1). Odd integers in the range [17, 25] are typical choices for k to

estimate genome size (see, e.g., [129, 104]) or the construction of the de Bruijn graphs for eukaryotic

genomes (see, e.g., [139]). Observe that the distributions are almost identical, which indicate that

any of these k-mer choices would be appropriate. (3) We compute the average sequencing depth

µ and the standard deviation of the sequencing depth σ from the k-mer distribution. (4) The k-

mers in the HiFi reads that have a number of occurrences within the interval [µ − tσ, µ + tσ] for

t = 0, 1, 2, 3, 4, 5 are compared against the true unikmers: true positive, false positive, true negative

and false negative are recorded.
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The results of this analysis (precision, recall and F1-score) for HiFi reads are shown in the

right column of Figure 2.4. The x-axis represents the choice of t, i.e., longer and longer intervals

centered around the mean (the first interval is for t = 0, the second is for t = 1, etc.). Figure 2.4-A2

shows the results for k = 17, Figure 2.4-B2 illustrates the results for k = 21 and Figure 2.4-

C2 shows the results for k = 25. Observe that in all cases precision and recall are very close to

100% as soon as t = 3. For instance, there are 11,137,337 21-mers that occur [47 − 107] times

in the HiFi reads, i.e., at most t = 3 standard deviations away from the average coverage. Of

those, 11,058,290 are truly unikmers which correspond to a precision of 99.29%; only 79,047 are

false positives (0.71% of the total). For t = 3, this method recalls 97.84% of the unikmers in the

genome. Almost identical results can be obtained from k = 17 or k = 25. This analysis indicates

that selecting k-mers that have a number of occurrences in the interval µ ± 3σ in HiFi reads can

recover almost 98% of the true single-copy k-mers in the genome with a false positive rate less than

1%. The same analyses carried out on ONT reads show that precision, recall, and F1-score for ONT

reads are slightly lower than those obtained from PacBio HiFi reads, likely due to the higher rate of

sequencing errors in ONT reads (see Figure 2.5).

Based on this analysis, we used k = 21 and t = 3 for all the experiments (unless otherwise

noted).

2.2.4 RAmbler’s Algorithm

A. Determine the reads corresponding to repetitive regions. As mentioned in Section 2.2.2,

RAmbler identifies repetitive regions by mapping all HiFi reads T against the draft genome. RAm-

bler generates the plot of the read coverage across the genome using NucFreq [128]. Unresolved
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Figure 2.6: The algorithmic pipeline used in RAmbler

repetitive regions produce distinctive peaks in the coverage plot as illustrated in Figure 2.3. Then,

RAmbler selects the reads that map to the repetitive regions, as well as the reads extending 50 kb

upstream and downstream of the peak, as shown in Figure 2.6, step A. We call the set of HiFi reads

extracted in this step Tr, where r identifies the repetitive region.

B. Determine unikmers. RAmbler uses Jellyfish on the entire set of HiFi reads T to obtain the

count distribution of 21-mers genome-wide. RAmbler calculates the mean µ and standard deviation

σ of the distribution by excluding 21-mers that appear less than 5 times since these are most likely
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induced by sequencing errors. RAmbler then selects the 21-mers that fall within the interval [µ −

3σ, µ+ 3σ]. According to our analysis in Section 2.2.3, these 21-mers are true unikmers with high

probability (Figure 2.6, step B).

C. Barcode reads. RAmbler uses the set of unikmers to barcode the HiFi reads Tr (Figure 2.6,

step C). RAmbler searches for exact occurrences of the unikmers in the reads Tr or their reverse

complement. The set of unikmers present in a read and their location is the barcode of that read.

For each read, RAmbler stores pairs (u, j), where u is a unikmer and j is the location within the

read.

D. Cluster the barcoded reads. RAmbler compares the barcode of all pairs of reads to identify

shared unikmers. This pairwise comparison allows RAmber to determine which reads are overlap-

ping. Two reads are overlapping if they share at least th unikmers, and the set of relative distances

between the shared unikmers match within a tolerance up to to base pairs. Overlaps are stored in the

barcode graph: each node in the barcode graph represents a read; nodes in the graph are connected

by an edge if the corresponding reads are overlapping according to the criteria described above.

Once the graph is completed, RAmbler identifies clusters of reads by determining the connected

components of the barcode graph (Figure 2.6, step D).

E. Assemble read clusters and build overlap graph. RAmbler carries out individual local as-

semblies for each set of clustered reads using a standard HiFi assembler (hifiasm in this case). Each

read cluster is assembled in one or more contigs. RAmbler then uses minimap2 [75] to align as-

sembled contigs to each other. Any contig that is fully contained within another longer contig is

removed. RAmbler constructs an overlap graph based on the overlap information provided by min-
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Figure 2.7: The three types of edges in our overlap graph

imap2: each node in the overlap graph represents a contig; nodes are connected by edges if they

have a suffix-prefix overlap (Figure 2.6, step E). It is worth noting there could be multiple suffix-

prefix overlaps between a pair of contigs. RAmbler retains the overlap with the highest percentage

of identity as long as the overlap is at least mo = 1000 bps. Furthermore, these suffix-prefix over-

laps can occur between the positive or negative strands, resulting in three types of edges. Each edge

is labeled by a pair (t, l), where t ∈ {+,−, ∗}, and l is the length of the suffix-prefix overlap (Fig-

ure 2.7). Given an edge (u, v) in the overlap graph, its type t is (1) “+” when there is an overlap

between contig u and contig v, (2) “−” when there is an overlap between the reverse complement of

contig u and contig v, (3) “∗” when there is an overlap between contig u and the reverse complement

of contig v.

F. Generate consensus assembly. At this stage, RAmbler needs an estimate of the size of the

repetitive region. The size is obtained by computing the ratio between the total number of bases in

the reads Tr (extracted in step A) and the average coverage depth.

To compute the final assembly, RAmbler enumerates all possible paths using DFS and

generates a set of candidate assemblies. When computing the sequence consensus for suffix-prefix
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Parameter Value Parameter Value

Mean read length 13,500 Mean read accuracy 0.998

Standard deviation of read length 1,500 Standard deviation of read accuracy 0.01

Minimum read length 7,500 Minimum read accuracy 0.95

Maximum read length 20,000 Maximum read accuracy 1.0

Table 2.2: PBSim’s parameters and their values

overlaps, if the suffix and the prefix do not match, RAmbler arbitrarily picks the base either from

the suffix or the prefix (Figure 2.6, step F). Among all assemblies, RAmbler selects the one that best

matches the estimated length of the repetitive region.

A summary of RAmbler’s main parameters k, t, th, to, and mo with their default values

is shown in Table 2.3. The optimization of these parameters is discussed in Sections 2.2.3 and 2.3.3.

2.3 Experimental Setup

2.3.1 Synthetic Data Generation

We generated synthetic repetitive regions by selecting a combination of (1) repeat unit size: 10 kb,

15 kb, 20 kb and 25 kb; (2) 2, 5, and 10 copies of the repeat unit; (3) mutation rate in each copy of

the repeat p = {1/100, 1/250, 1/500, 1/1000, 1/2000}. For each combination, we generated HiFi

reads using PBSim [97] on the CCS model with read coverage of 10×, 20×, 30×, and 40×. The

other parameters required to be set before generating reads are provided in Table 2.2.
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2.3.2 Performance Metrics

Metrics such as NG50, genome fraction, number of contigs, and number of mis-assemblies have

been traditionally employed to evaluate the quality of an assembly on synthetic data when the refer-

ence genome is known. However, each of these metrics alone does not fully capture all the desired

qualities of a “good assembly”. To address this shortcoming we introduce here a new metric called

the assembly score that summarizes in one number the quality of an assembly in terms of accuracy,

contiguity, and completeness. The assembly score is based on two preliminary metrics, as explained

next.

A. Effective genome fraction per contig (ζ). Consider an assembly that consists of a single

contig but contains one mis-assembly. To correct the mis-assembly, the contig needs to be broken,

resulting in the creation of an additional contig. Based on this observation we define the effective

number of contigs as the sum of the number of contigs in the assembly and the number of mis-

assemblies. We propose to calculate the effective genome fraction per contig as follows

ζ =
genome fraction

#contigs + #mis-assembled contigs
(2.1)

As said, metric ζ takes into account the number of mis-assemblies and penalizes the score accord-

ingly. An assembly that covers 100% of the reference genome (without any mis-assemblies) would

yield ζ = 1.0. By considering the effective genome fraction per contig, we can assess the assembly

quality while accounting for the presence of mis-assemblies, thereby providing a more comprehen-

sive evaluation.
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B. Normalized NG50 (η). While NG50 is an essential metric for evaluating the contiguity of an

assembly, it depends on the size of the reference genome, making it challenging to use it to compare

an assembler’s performance across genomes of different lengths. To address this limitation, we

normalize NG50 by the size of the reference genome, yielding a metric called η defined as follows

η =
NG50

|reference genome|
(2.2)

By normalizing NG50 with respect to the reference genome size, η is constrained within the range

of [0, 1], with a perfect assembly achieving η = 1. Observe that it is possible that η may exceed 1

when the assembly is over-inflated, i.e., longer than the actual genome. In general, a higher value

of η indicates a better assembly quality, as long as it is smaller than 1.

C. Assembly score. The assembly score is defined by computing the harmonic mean of ζ and η,

assembly score =
2ζη

ζ + η
(2.3)

Observe that while ζ is always within [0, 1], η can exceed 1, which can result in an assembly score

greater than 1. Nevertheless an assembly score closer to 1 indicates a higher quality assembly.

This score enables a holistic assessment of the assembly’s quality, taking into account accuracy,

contiguity, and completeness, which are all equally important.

2.3.3 Parameter Optimization

RAmbler has five main parameters (summarized in Table 2.3). Based on the analysis in Sec-

tion 2.2.3, we determined that k = 21 and t = 3. To find the optimal values for to and th, we

conducted a grid search where to = {1, 5, 10, 15, 20} and th = {5, 10, 15, . . . , 50} (50 combina-

tions). Parameter mo (minimum overlap) was set to 1, 000 bp.
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Parameter Value

k length of unikmers 21

t k-mers in the interval [µ− tσ, µ+ tσ] of the k-mer distribution considered unikmers 3

th minimum number of unikmers shared between two reads to declare them overlapping 15

to maximum allowed tolerance between the position of two consecutive shared unikmers 15

mo minimum overlap between contigs that is allowed in the overlap graph 1,000 bp

Table 2.3: RAmbler’s main parameters

RAmbler was tested on 135 synthetic data sets, obtained from the combinations of dif-

ferent choices of the repeat unit size {10, 15, 20} kb, repeat copies {2, 5, 10}, mutation rate p =

{1/100, 1/250, 1/500, 1/1000, 1/2000}, and read coverage depth {20×, 30×, 40×}. Figure 2.8

shows the experimental results for different metrics (namely number of contigs, number of misas-

sembled contigs, effective genome fraction per contig and normalized NG50), with the best choices

for to and th highlighted in colored rectangles.

When considering the number of contigs (Figure 2.8A), observe that RAmbler achieved

the best performance for to = {15, 20} and th = {10, 15}. Regarding the number of misas-

sembled contigs produced by RAmbler (Figure 2.8B), the best values were to = {15, 20} and

th = {10, 15, 20, 25}. In terms of effective genome fraction per contig (ζ) (Figure 2.8C), RAmbler

had better results with to = {10, 15, 20} and th = {10, 15, 20}. When considering the normalized

NG50 (η) (Figure 2.8D), the best outcomes were obtained with to = {15, 20} and th = 15. By

combining all these metrics in the assembly score (defined in Section 2.3.2.C), we determined that

the optimal values were to = 15 and th = 15 (Figure 2.9).
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Figure 2.8: Performance of RAmbler for difference combinations of tolerance to =

{1, 5, 10, 15, 20}, threshold, th = {5, 10, 15, 20, 25, 30, 35, 40, 45, 50}, repeat size = {10, 15, 20}

kb, number of copies = {2, 5, 10}, mutation rate p = { 1
100 , 1

250 , 1
500 , 1

1000 , 1
2000}, on synthetic reads

with coverage depth = {20×, 30×, 40×}; the rows correspond to different values of to, the columns

correspond to different values of th; (A) number of contigs; the best performance is achieved for

to = {15, 20} and th = {10, 15}, (B) number of misassembled contigs; the best performance is

achieved for to = {15, 20} and th = {10, 15, 20, 25}, (C) effective genome fraction per contig ζ;

the best performance is achieved for to = {10, 15, 20} and th = {10, 15, 20}, and (D) normalized

NG50 η; the best performance is achieved for to = {15, 20} and th = 15
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Figure 2.9: Assembly scores achieved by RAmbler for different combinations of tolerance to =

{1, 5, 10, 15, 20}, threshold th = {5, 10, 15, 20, 25, 30, 35, 40, 45, 50}, repeat size = {10, 15, 20}

kb, number of copies = {2, 5, 10}, mutation rate p = { 1
100 , 1

250 , 1
500 , 1

1000 , 1
2000}, on synthetic reads

with coverage depth = {20×, 30×, 40×}; the rows correspond to different values of to, the columns

correspond to different values of th; the optimal values are indicated by tick marks (to = {15, 20}

and th = 15)
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2.4 Result Analysis

2.4.1 Comparing RAmbler, hifiasm, LJA, HiCANU, and Verkko on fixed-length re-

peats

We conducted an extensive performance comparison of RAmbler with other state-of-the-art HiFi

assemblers, namely hifiasm, LJA, HiCANU, and Verkko, using 36 synthetic data sets. SDA is no

longer maintained and CentroFlye requires additional auxiliary information (HORs and monomers),

thus they were both excluded from this comparison. We generated repetitive regions with two

choices of the repeat unit size {15, 20} kb, two choices for the number of copies {5, 10}, and three

values of mutation rate p = {1/250, 1/500, 1/1000}. Synthetic HiFi reads were generated using

PBSim with coverage depths of {20×, 30×, 40×} (see Section 2.3.1 for details).

Figure 2.10 summarizes the results in terms of four different performance metrics. In

Figure 2.10A, we compare the number of contigs produced by the different assemblers, where a

single contig would be the ideal assembly. Observe that RAmbler consistently produced the lowest

number of contigs among all the assemblers. Figures 2.10B, C, and D show the results in terms

of effective genome fraction per contig (ζ), normalized NG50 (η), and assembly score (numerical

scores are in Table 2.4), respectively. For all these metrics, the best assembly is the one that gets

closer to 1.0, and RAmbler achieved higher values on all of them compared to the other assemblers.
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Figure 2.10: Assembly statistics for RAmbler, hifiasm, LJA, HiCANU, and Verkko for 36 different

combinations of synthetic data with repetitive regions having repeat sizes {15, 20} kb, number of

copies {5, 10}, mutation rate p = {1/250, 1/500, 1/1000} and coverage depth {20×, 30×, 40×};

(A) number of contigs, (B) effective genome fraction per contig ζ, (C) normalized NG50 η, and (D)

assembly-score
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Dataset Assembly score

Repeat unit size # of copies p Coverage RAmbler hifiasm LJA HiCANU Verkko

15 kb

5

1/250

20 0 0.992421 0.362516 0 0.103149

30 0.993685 0.993682 0.66135 0.279093 0.336791

40 0.992072 0.996525 0.664114 0.596943 0.472819

1/500

20 0.442281 0.986855 0.64146 0.236397 0.273222

30 0.680773 0.548473 0.658083 0.388264 0

40 0.999324 0.684225 0.661653 0.960054 0.982176

1/1000

20 0.979912 0.996561 0 0 0.141093

30 0.999289 0.999281 0.921949 0.402803 0.170338

40 0.996749 0.996706 0.404907 0.57493 0.212441

10

1/250

20 0.378988 0.085941 0.213113 0.164032 0.111124

30 0.381808 0.194383 0.326858 0.566358 0.464188

40 0.697521 0.164275 0.651712 0.436001 0.645386

1/500

20 0.503772 0.18682 0 0 0.092472

30 0.397242 0.214671 0.655464 0.13711 0.170362

40 0.208417 0.290759 0.64724 0.645192 0

1/1000

20 0.27603 0.325317 0.395507 0.117697 0.105373

30 0.246113 0.42346 0.445131 0.166698 0.264898

40 0.23118 0.423723 0.434755 0.969895 0.984059

20 kb

5

1/250

20 0.993377 0.993362 0.613642 0 0.158968

30 0.995045 0.995115 0.651152 0.143198 0.320305

40 0.995057 0.995112 0.414397 0.939415 0

1/500

20 0.989612 0.99032 0.290029 0 0.228378

30 0.99039 0.310043 0.406863 0.257214 0.551989

40 0.998585 0.998585 0.659891 0.962357 0

1/1000

20 0.994817 0.596527 0.211835 0 0.125832

30 0.61509 0.255791 0.662906 0.228406 0

40 0.265227 0.305306 0.661373 0.411638 0.97693

10

1/250

20 0.321816 0.16656 0 0 0.218633

30 0.475847 0.399262 0.658377 0.373103 0.139977

40 0.73109 0.86521 0.457416 0.264454 0.661972

1/500

20 0.362629 0.077912 0.258614 0 0.090594

30 0.299438 0.310596 0.414516 0.110915 0.146964

40 0.336683 0 0.660191 0.374036 0.970193

1/1000

20 0.187074 0.177739 0.389218 0.087065 0

30 0.270521 0 0.456605 0.116092 0

40 0.194154 0 0.559774 0.95271 0

Table 2.4: Assembly score of RAmbler, hifiasm, LJA, HiCANU, and Verkko on 36 synthetic data

sets; numbers in bold indicate the best assembly score on each row
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Figure 2.11: Assembly statistics for RAmbler, hifiasm, LJA, HiCANU and Verkko on synthetic

data with 30× coverage depth for nine different combinations of repetitive regions containing five

copies of a repeat size = {15, 20, 25} kb and variable-length (up to ±5% per copy), mutation rate

p = { 1
250 , 1

500 , 1
1000}; (A) number of contigs, (B) number of misassembled contigs, (C) effective

genome fraction per contig ζ, and (D) normalized NG50 η
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Figure 2.12: Assembly score for RAmbler, hifiasm, LJA, HiCANU and Verkko on synthetic data

with 30× coverage depth for nine different combinations of repetitive regions containing five copies

of a repeat size = {15, 20, 25} kb and variable-length (up to ±5% per copy), mutation rate p = { 1
250 ,

1
500 , 1

1000}

2.4.2 Comparing RAmbler, hifiasm, LJA, HiCANU, and Verkko on variable-length

repeats

To evaluate RAmbler’s ability to resolve tandem repeats in the presence of variable-length repeat

units, we created synthetic repetitive regions in which each repeat copy can vary up to ±5% of the

length of a repeat unit. We used five copies of repeat units of {15, 20, 25} kb with mutation rates

p = {1/250, 1/500, 1/1000}. Synthetic HiFi reads with a coverage depth of 30× were generated

with PBSim. Table 2.5 summarizes assembly score results for these nine data sets. RAmbler out-

performed the other assemblers in six out of nine runs. Figure 2.11 shows that RAmbler, hifiasm

and LJA produce contigs with either zero or one misassembled contig. It also shows that RAm-

bler, hifiasm and LJA produce more contiguous assemblies than HiCANU and Verkko. In general,

while HiCANU and Verkko rarely introduce misassemblies, they produce more fragmented assem-
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Synthetic data set Assembly score

Repeat unit size Number of copies p RAmbler hifiasm LJA HiCANU Verkko

15 kb

5

1/250 0.493 0.357 0.327 0.239 0.251

1/500 0.993 0.545 0.658 0.165 0.204

1/1000 0.454 0.426 0.346 0.547 0.408

20 kb

1/250 0.422 0.599 0.418 0.441 0.276

1/500 0.797 0.309 0.618 0.312 0.246

1/1000 0.896 0.213 0.395 0.206 0.294

25 kb

1/250 0.637 0.486 0.636 0.227 0.354

1/500 0.773 0.173 0.970 0.254 0.471

1/1000 0.465 0.231 0.409 0.278 0.345

Table 2.5: Assembly score results for nine different data sets of synthetic HiFi reads with coverage

30×, based on a repetitive region with a variable-length (up to ±5% per copy) repeat unit of length

{15, 20, 25} kb, and p = {1/250, 1/500, 1/1000}; numbers in bolt indicate the best assembly score

on each row

blies than RAmbler, hifiasm and LJA. This is reflected by the RAmbler’s best assembly score in

Figure 2.12.
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2.4.3 Comparing RAmbler, hifiasm, LJA, HiCANU, and Verkko on repetitive re-

gions with copy number variation

Note that RAmbler was not designed to produce a haplotype-resolved assembly. An important ques-

tion is what assembly would RAmbler produce in case there are copy number variations between the

two haplotypes. To address this question we carried out several experiments on synthetic diploid

genomes, as follows. (i) We created a synthetic repetitive region where the primary haplotype

(hap1) contained either 5 or 10 copies of a repeat unit. Each repeat unit was {5, 10, 15, 20, 50, 100}

kb long, with a mutation probability of {1/250, 1/500, 1/1000}. (ii) We produced the secondary

haplotype (hap2) as follows. When the hap1 had 5 copies, hap2 had {3, 4, 5} copies. If hap1 had

10 copies, hap2 had {6, 8, 10} copies. (iii) We added a 50 kb sequence upstream and downstream

of the repetitive region on both hap1 and hap2. (iv) We used PBSim to generate 30×-coverage HiFi

reads from these 2 × 6 × 3 × 3 = 108 synthetic diploid genomes (hap1+hap2). (v) We assembled

the synthetic HiFi reads using RAmbler, hifiasm, LJA, HiCANU, and Verkko.

The goal of these experiments was to evaluate the quality of the assemblies produced by

RAmbler, hifiasm, LJA, HiCANU, and Verkko on these synthetic diploid genomes using various

metrics. We recorded the total number of contigs, the overall assembly size, the number of re-

solved repeat copies, and the number of contigs with haplotype switching. On these synthetic HiFi

datasets with minimal divergence between haplotypes, LJA, HiCANU, and Verkko are expected to

produce phased assemblies, but not fully haplotype-resolved assemblies due to the limited length of

HiFi reads. They typically require either long-range sequencing data (e.g., ultra-long ONT or Hi-C

reads) or phasing data (e.g., maternal and paternal reads) for full haplotype resolution. In HiFi-only

mode, LJA, HiCANU, and Verkko generate a single FASTA file containing both haplotypes. hifiasm
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instead, attempts to resolve haplotypes even in HiFi-only mode by joining phased assembly blocks

to achieve greater contiguity. It produces separate FASTA files for primary and alternate assemblies.

Thus, the assemblies produced by LJA, HiCANU, and Verkko are expected to have a smaller num-

ber of haplotype switches, but more fragmented than hifiasm. Since LJA, HiCANU, and Verkko

are expected to resolve repeat copies from both haplotypes, their total assembly size is expected to

be close to the sum of the two haplotype lengths. Instead, since hifiasm assigns phased blocks to

either the primary or the alternate assembly, it is expected to incur more haplotype switch errors,

and generate pseudo-haplotypes that capture hap1 as primary and hap2 as alternate (or vice versa).

RAmbler also prioritizes long contig generation and outputs a single FASTA file representing the

primary pseudo-haplotype. This assembly is expected to capture hap1, which contains the larger

repeat copy count, possibly including some haplotype switches.

We used BLAST [86] to align all the repeat units in hap1 and hap2 to each target assembly.

We defined a repeat unit R to be resolved by an assembly A if the BLAST output indicated a perfect

identity (i.e., 99.99% or higher) of R in A. Any alignment with less than perfect identity was

disregarded. We also recorded whether any contig of a target assembly contained a mix of repeat

units from both haplotypes, which indicated switching errors.

The experimental results are summarized in Tables 2.6 to 2.13. We omitted Verkko from

the tables because it failed to produce any output in most cases. Verkko failed 92 runs out of 108

for unknown reasons (the logs were uninformative). Tables 2.6 to 2.9 report the number of contigs

and the total assembly size. Tables 2.10 to 2.13 report the number of resolved repeat copies and

the number of contigs containing haplotype switching errors. In Tables 2.10 to 2.13, red numbers

indicate incorrect repeat copy counts (neither matching either haplotype copy counts nor their sum),
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blue numbers indicate copy counts that match the sum of copies for both haplotypes (hap1+hap2),

and grey cells indicate assemblies with haplotype switches.

Tables 2.6, 2.7, 2.10 and 2.11 show the experimental results when hap1 had 5 copies and

hap2 had 3 − 5 copies. For these data sets, RAmbler produced an assembly containing 5 copies of

the repeat unit in 47 cases out of 54 (87%) with 8 haplotype switches. hifiasm produced the correct

number of copies for hap1 in 48 cases out of 54 (89%), and the correct number of copies for hap2 in

46 cases out of 54 (85%) with 7 and 1 haplotype switches, respectively. RAmbler however, always

produced a single contig, while hifiasm produced 2-3 contigs in some cases (the average number of

contigs was 1.09 for both primary and alternate assembly). LJA resolved hap1+hap2 repeat copies

in 19 cases out of 54 (35%), and sometimes only hap1 repeat copies in 2 cases out of 54 (4%).

LJA produced more fragmented assemblies (the average number of contigs was 3.65), with a total

of 7 haplotype switching errors. HiCANU resolved hap1+hap2 repeat copies in 10 cases out of

54 (19%), and sometimes only hap1 repeat copies in 9 cases out of 54 (17%). HiCANU produced

more fragmented assemblies (the average number of contigs was 7.49), with a total of 12 haplotype

switching errors. Overall, LJA and HiCANU performed worse than RAmbler and hifiasm on these

datasets, producing assemblies that were more fragmented and contained less repeat copies.

Tables 2.8, 2.9, 2.12 and 2.13 summarize the cases where hap1 had 10 copies and hap2

had 6, 8 or 10 copies. RAmbler resolved 10 copies of the repeat unit in 32 cases out of 54 (59%)

with 14 haplotype switching errors. The average number of contigs over all RAmbler’s assemblies

was 1.26. hifiasm resolved 10 repeat copies in 40 cases out of 54 (74%) with 17 haplotype switching

errors. The average number of contigs over all hifiasm’s assemblies was 1.06 for the primary, and

1.07 for the alternate. LJA’s assemblies matched either hap1 or hap1+hap2 in 19 cases out of 54
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(35%) with 18 haplotype switching errors. The average number of contigs over all LJA’s assemblies

was 7.52. HiCANU’s assemblies matched either hap1 or hap1+hap2 in 16 cases out of 54 (30%)

with 21 haplotype switching errors. The average number of contigs over all HiCANU’s assemblies

was 13.81. LJA and HiCANU, again, performed worse than RAmbler and hifiasm on these datasets.

In summary (see Table 2.14), RAmbler captured the larger repeat count between the two

haplotypes in most cases. It frequently produced a single contig with a low number of haplotype

switching errors, relying exclusively on HiFi reads.

2.5 Discussion

We introduced RAmbler, a reference-guided genome assembler aimed at resolving complex repet-

itive regions. To the best of our knowledge, there is no other specialized assembler for resolving

complex repeats that uses HiFi reads exclusively. Both SDA and CentroFlye expect as input error-

prone PacBio CLR or ONT long reads. SDA is no longer maintained and CentroFlye requires very

high computational resources and additional information about the centromeres of interest.

RAmbler leverages unikmers to detect overlaps and locally assemble the HiFi reads. By

taking advantage of shared unikmers, RAmbler can select safe and informative overlaps that are dif-

ficult to identify by traditional assemblers. Traditional HiFi assemblers rely on highly accurate (but

not necessarily perfect) overlaps to build a string/overlap graph, which is a method that works very
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Repeat unit

size (bp)

Haplotype 1

genome size

(bp)

Haplotype 2

p

Number of contigs Assembly size (bp)

Number

of copies

Genome

size (bp)
RAmbler

hifiasm
LJA HiCANU RAmbler

hifiasm
LJA HiCANU

primary alternate primary alternate

5,000 125,000

3 115,000

1/250 1 1 1 2 2 124,014 124,044 114,044 236,342 153,146

1/500 1 1 1 2 2 123,792 124,733 114,733 238,326 158,925

1/1000 1 1 1 2 1 124,516 124,506 114,506 234,154 118,297

4 120,000

1/250 1 1 1 1 2 124,772 124,772 119,772 124,610 146,101

1/500 1 1 1 2 1 122,954 124,190 119,190 237,137 120,875

1/1000 1 1 1 2 2 119,684 124,678 119,678 242,786 155,645

5 125,000

1/250 1 1 1 2 3 124,816 124,845 124,845 248,430 167,028

1/500 1 1 1 2 2 124,459 124,453 124,453 245,850 172,225

1/1000 1 1 1 2 2 124,516 124,509 124,509 247,492 137,479

10,000 150,000

3 130,000

1/250 1 1 1 2 2 149,704 149,768 129,768 275,648 196,186

1/500 1 1 1 2 1 149,460 149,522 129,522 277,752 124,994

1/1000 1 1 1 2 2 149,938 149,894 129,894 279,752 178,305

4 140,000

1/250 1 1 1 2 2 149,740 149,734 139,734 281,318 199,970

1/500 1 1 1 2 2 149,272 149,277 139,277 286,966 203,767

1/1000 1 1 1 2 2 149,606 149,606 139,606 287,786 183,662

5 150,000

1/250 1 1 1 1 2 149,824 149,827 149,827 149,599 170,422

1/500 1 1 1 2 4 149,686 149,747 149,747 246,773 203,411

1/1000 1 1 1 6 4 148,757 149,564 149,564 259,079 211,558

15,000 175,000

3 145,000

1/250 1 1 1 2 4 174,718 174,719 144,719 314,955 244,935

1/500 1 1 1 2 8 174,012 174,557 144,557 303,079 255,277

1/1000 1 1 1 2 5 174,244 174,304 144,304 318,018 231,616

4 160,000

1/250 1 1 1 3 4 174,683 174,649 159,649 333,299 243,259

1/500 1 1 1 1 5 174,163 174,166 159,166 173,611 246,750

1/1000 1 1 1 3 3 174,696 174,683 159,683 275,311 248,097

5 175,000

1/250 1 1 1 2 6 173,791 173,792 173,792 234,321 253,340

1/500 1 1 1 5 3 174,765 174,847 174,847 301,644 224,413

1/1000 1 1 1 4 3 219,085 174,650 174,650 242,524 249,085

Table 2.6: Number of contigs and assembly size for the assemblies produced by RAmbler, hifiasm,

LJA, and HiCANU; assemblers were given in input synthetic HiFi reads with coverage 30× gen-

erated from synthetic diploid genomes with repeat unit of length {5, 10, 15} kb; in each synthetic

genome the primary haplotype (hap1) had five copies of the repeat unit, while the secondary haplo-

type (hap2) had 3-5 copies
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Repeat unit

size (bp)

Haplotype 1

genome size

(bp)

Haplotype 2

p

Number of contigs Assembly size (bp)

Number

of copies

Genome

size (bp)
RAmbler

hifiasm
LJA HiCANU RAmbler

hifiasm
LJA HiCANU

primary alternate primary alternate

20,000 200,000

3 160,000

1/250 1 1 1 2 5 199,897 199,884 159,884 358,247 282,097

1/500 1 1 1 2 3 199,853 199,854 159,854 358,946 283,088

1/1000 1 1 1 5 9 238,526 238,525 72,170 289,383 352,156

4 180,000

1/250 1 1 1 2 3 199,378 199,490 179,490 334,210 247,370

1/500 1 1 1 2 7 198,949 199,456 179,456 367,218 295,081

1/1000 1 1 1 4 8 199,560 199,562 179,562 311,928 358,247

5 200,000

1/250 1 1 1 3 3 199,555 199,555 199,555 397,504 268,243

1/500 1 1 1 2 4 199,349 199,344 199,344 397,630 233,761

1/1000 1 1 2 4 6 199,723 219,716 202,723 376,751 353,151

50,000 350,000

3 250,000

1/250 1 1 1 4 5 349,544 349,540 249,541 619,973 433,210

1/500 1 1 1 3 6 399,665 349,654 249,654 550,810 389,677

1/1000 1 1 1 12 14 448,922 349,542 249,542 556,744 616,291

4 300,000

1/250 1 1 1 2 13 349,296 349,335 299,335 599,897 550,346

1/500 1 1 1 3 7 349,649 349,679 299,679 661,998 534,924

1/1000 1 2 1 6 8 349,634 364,122 299,685 572,956 533,915

5 350,000

1/250 1 1 1 4 19 349,651 349,646 349,646 704,151 667,578

1/500 1 1 1 4 14 449,784 449,965 183,554 655,052 457,076

1/1000 1 1 1 5 16 349,220 349,219 308,939 611,751 656,526

100,000 600,000

3 400,000

1/250 1 1 1 6 15 598,560 599,235 399,237 1,035,574 803,380

1/500 1 1 2 5 18 599,336 699,758 310,632 983,101 802,113

1/1000 1 2 1 17 24 599,644 615,325 399,668 963,902 867,330

4 500,000

1/250 1 1 1 4 15 599,834 599,831 499,831 1,111,210 829,144

1/500 1 1 2 6 16 599,322 599,323 522,346 1,131,188 832,552

1/1000 1 2 2 10 22 599,015 410,687 679,805 1,010,779 987,162

5 600,000

1/250 1 1 1 3 14 599,784 599,779 599,779 1,143,983 930,005

1/500 1 1 1 5 23 599,418 699,418 322,057 1,225,788 1,032,964

1/1000 1 3 2 10 28 699,614 565,106 640,252 1,215,171 1,114,022

Table 2.7: Number of contigs and assembly size for the assemblies produced by RAmbler, hifiasm,

LJA, and HiCANU; assemblers were given in input synthetic HiFi reads with coverage 30× gener-

ated from synthetic diploid genomes with repeat unit of length {20, 50, 100} kb; in each synthetic

genome the primary haplotype (hap1) had five copies of the repeat unit, while the secondary haplo-

type (hap2) had 3-5 copies
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Repeat unit

size (bp)

Haplotype 1

genome size

(bp)

Haplotype 2

p

Number of contigs Assembly size (bp)

Number

of copies

Genome

size (bp)
RAmbler

hifiasm
LJA HiCANU RAmbler

hifiasm
LJA HiCANU

primary alternate primary alternate

5,000 150,000

6 130,000

1/250 1 1 1 2 2 149,798 149,807 129,807 278,735 204,153

1/500 1 1 1 2 2 149,600 149,584 129,584 273,803 175,265

1/1000 1 1 1 3 3 149,821 149,816 129,816 157,944 185,932

8 140,000

1/250 1 1 1 2 4 149,814 149,814 139,814 281,722 204,717

1/500 1 1 1 2 3 149,598 149,700 139,700 287,414 160,116

1/1000 1 1 1 4 3 149,146 149,698 139,699 213,196 154,213

10 150,000

1/250 1 1 1 2 3 149,520 149,522 149,522 294,735 209,336

1/500 2 1 1 2 3 157,601 149,596 149,596 299,977 177,134

1/1000 1 1 1 2 4 149,533 149,534 149,534 251,604 218,802

10,000 200,000

6 160,000

1/250 1 1 1 3 3 198,907 198,943 158,943 356,387 284,989

1/500 1 1 1 3 3 208,918 198,966 158,966 313,973 270,487

1/1000 1 1 1 6 4 198,803 198,799 158,799 367,402 277,901

8 180,000

1/250 1 1 1 2 3 199,909 199,903 179,903 259,132 313,321

1/500 1 1 1 2 3 259,751 199,808 179,808 334,697 250,747

1/1000 1 1 1 3 5 159,892 199,802 179,802 280,797 338,852

10 200,000

1/250 1 1 1 2 8 199,143 199,138 199,138 286,264 311,887

1/500 1 1 1 3 6 199,387 199,386 199,386 342,217 329,246

1/1000 1 1 1 2 12 199,921 199,912 199,912 343,594 406,570

15,000 250,000

6 190,000

1/250 1 1 1 5 5 249,666 249,666 189,666 453,741 336,368

1/500 1 1 1 3 8 249,774 249,774 189,783 454,197 364,820

1/1000 2 1 2 3 8 218,440 264,806 204,702 318,102 374,178

8 220,000

1/250 1 1 1 2 5 249,801 249,801 219,801 464,700 404,715

1/500 1 1 1 2 8 219,761 309,760 115,902 461,678 371,045

1/1000 2 1 1 10 7 393,419 249,891 219,891 463,866 399,737

10 250,000

1/250 1 1 1 4 3 263,324 369,706 83,795 479,210 394,700

1/500 1 1 1 2 3 219,559 249,554 249,554 495,509 387,150

1/1000 3 1 0 7 10 235,122 324,922 0 437,369 420,817

Table 2.8: Number of contigs and assembly size for the assemblies produced by RAmbler, hifiasm,

LJA, and HiCANU; assemblers were given in input synthetic HiFi reads with coverage 30× gen-

erated from synthetic diploid genomes with repeat unit of length {5, 10, 15} kb; in each synthetic

genome the primary haplotype (hap1) had ten copies of the repeat unit, while the secondary haplo-

type (hap2) had 6, 8 or 10 copies
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Repeat unit

size (bp)

Haplotype 1

genome size

(bp)

Haplotype 2

p

Number of contigs Assembly size (bp)

Number

of copies

Genome

size (bp)
RAmbler

hifiasm
LJA HiCANU RAmbler

hifiasm
LJA HiCANU

primary alternate primary alternate

20,000 300,000

6 220,000

1/250 1 1 1 4 4 398,624 298,623 218,623 534,817 373,343

1/500 1 1 1 3 6 299,828 299,831 219,831 445,980 364,339

1/1000 1 1 1 3 4 298,587 263,652 219,618 389,514 388,469

8 260,000

1/250 1 1 1 2 10 398,674 299,601 259,601 559,192 468,951

1/500 1 1 1 6 7 299,403 299,466 259,466 504,472 467,505

1/1000 3 1 1 5 5 296,036 299,811 259,811 502,147 392,303

10 300,000

1/250 1 1 1 5 12 299,429 299,473 299,479 549,615 495,926

1/500 1 1 1 2 10 319,347 299,345 299,345 594,195 451,130

1/1000 1 1 2 13 19 239,745 419,694 199,766 466,960 556,297

50,000 600,000

6 400,000

1/250 1 1 2 6 10 749,565 749,564 261,223 994,336 715,594

1/500 1 1 1 7 13 598,937 598,942 398,942 925,192 726,548

1/1000 2 1 1 15 26 679,365 614,317 399,952 976,037 1,077,795

8 500,000

1/250 1 1 1 10 18 598,481 599,775 499,775 1,098,032 817,291

1/500 1 1 1 2 16 599,795 599,791 499,791 1,097,101 838,820

1/1000 1 1 1 19 35 599,763 599,764 499,764 1,018,018 1,246,016

10 600,000

1/250 3 1 1 8 18 845,259 598,997 598,997 1,230,662 998,718

1/500 1 1 1 8 22 599,707 599,707 599,707 1,207,967 1,165,785

1/1000 1 3 1 32 43 749,327 614,349 560,593 1,104,150 1,344,584

100,000 1,100,000

6 700,000

1/250 1 1 1 7 31 1,399,769 1,099,766 699,766 1,661,520 1,384,759

1/500 1 1 1 4 29 1,098,917 1,099,745 699,742 1,761,361 1,298,079

1/1000 3 2 3 55 42 1,021,424 971,330 946,443 1,910,184 1,912,471

8 900,000

1/250 1 1 1 10 23 1,598,393 1,099,455 899,455 1,927,926 1,546,332

1/500 2 1 1 11 26 1,146,069 1,098,945 898,945 1,978,251 1,432,989

1/1000 1 1 1 38 61 1,399,349 1,599,474 899,474 1,971,769 2,237,345

10 1,100,000

1/250 1 1 1 13 33 1,099,462 1,099,460 1,099,460 2,199,749 1,822,173

1/500 1 1 1 7 37 1,099,255 1,199,265 934,535 2,256,628 1,942,282

1/1000 2 1 1 26 55 376,999 1,299,672 1,099,672 2,352,688 2,362,493

Table 2.9: Number of contigs and assembly size for the assemblies produced by RAmbler, hifiasm,

LJA, and HiCANU; assemblers were given in input synthetic HiFi reads with coverage 30× gener-

ated from synthetic diploid genomes with repeat unit of length {20, 50, 100} kb; in each synthetic

genome the primary haplotype (hap1) had ten copies of the repeat unit, while the secondary haplo-

type (hap2) had 6, 8 or 10 copies
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Repeat unit

size (bp)

# of copies

in hap2
p

RAmbler hifiasm (primary) hifiasm (alternate) LJA HiCANU

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errorshap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum

1/250 5 0 5 0 5 0 5 0 0 3 3 0 5 3 8 0 5 3 8 0

1/500 5 0 5 0 5 0 5 0 0 3 3 0 5 3 8 0 5 3 8 03

1/1000 5 0 5 0 5 0 5 0 0 3 3 0 5 3 8 0 2 2 4 1

1/250 5 0 5 0 5 0 5 0 0 4 4 0 5 0 5 0 5 1 6 0

1/500 5 0 5 0 5 0 5 0 0 4 4 0 5 3 8 0 5 0 5 04

1/1000 0 4 4 0 5 0 5 0 0 4 4 0 4 3 7 0 5 4 9 0

1/250 0 5 5 0 0 5 5 0 5 0 5 0 5 5 10 0 4 5 9 1

1/500 0 5 5 0 0 5 5 0 5 0 5 0 5 4 9 0 4 4 8 0

5,000

5

1/1000 0 5 5 0 0 5 5 0 5 0 5 0 5 5 10 0 1 5 6 0

1/250 5 0 5 0 5 0 5 0 0 3 3 0 4 3 7 0 5 3 8 0

1/500 5 0 5 0 5 0 5 0 0 3 3 0 3 3 6 0 0 3 3 03

1/1000 5 0 5 0 5 0 5 0 0 3 3 0 5 3 8 0 1 3 4 0

1/250 5 0 5 0 5 0 5 0 0 4 4 0 5 4 9 0 5 4 9 0

1/500 5 0 5 0 5 0 5 0 0 4 4 0 5 4 9 0 5 2 7 04

1/1000 5 0 5 0 5 0 5 0 0 4 4 0 4 3 7 0 3 3 6 0

1/250 0 5 5 0 0 5 5 0 5 0 5 0 5 0 5 0 5 1 6 0

1/500 5 0 5 0 0 5 5 0 5 0 5 0 4 4 8 0 4 2 6 1

10,000

5

1/1000 0 5 5 0 0 5 5 0 5 0 5 0 5 5 10 1 3 4 7 0

1/250 5 0 5 0 5 0 5 0 0 3 3 0 4 3 7 0 5 3 8 1

1/500 5 0 5 0 5 0 5 0 0 3 3 0 3 1 4 0 1 1 2 03

1/1000 5 0 5 0 5 0 5 0 0 3 3 0 4 3 7 0 1 0 1 0

1/250 5 0 5 0 5 0 5 0 0 4 4 0 5 4 9 0 4 1 5 0

1/500 5 0 5 0 5 0 5 0 0 4 4 0 4 0 4 0 2 2 4 04

1/1000 5 0 5 0 5 0 5 0 0 4 4 0 5 4 9 0 4 2 6 0

1/250 0 5 5 0 5 0 5 0 0 5 5 0 2 4 6 0 2 3 5 0

1/500 5 0 5 0 5 0 5 0 0 5 5 0 5 5 10 2 1 1 2 1

15,000

5

1/1000 4 4 8 1 0 5 5 0 5 0 5 0 5 5 10 2 4 4 8 1

Table 2.10: Number of repeat copies resolved and number of haplotype switching in the assem-

blies produced by RAmbler, hifiasm, LJA, and HiCANU; assemblers were given in input synthetic

HiFi reads with coverage 30× generated from synthetic diploid genomes with repeat unit of length

{5, 10, 15} kb; in each synthetic genome the primary haplotype (hap1) had five copies of the repeat

unit, while the secondary haplotype (hap2) had 3-5 copies
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Repeat unit

size (bp)

# of copies

in hap2
p

RAmbler hifiasm (primary) hifiasm (alternate) LJA HiCANU

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errorshap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum

1/250 5 0 5 0 5 0 5 0 0 3 3 0 4 2 6 0 5 1 6 1

1/500 5 0 5 0 5 0 5 0 0 3 3 0 5 3 8 0 5 3 8 03

1/1000 4 3 7 1 4 2 6 1 0 2 2 0 5 3 8 0 1 2 3 1

1/250 5 0 5 0 5 0 5 0 0 4 4 0 5 3 8 0 3 4 7 0

1/500 3 2 5 1 5 0 5 0 0 4 4 0 5 4 9 0 4 2 6 04

1/1000 5 0 5 0 5 0 5 0 0 4 4 0 5 4 9 0 5 0 5 0

1/250 0 5 5 0 0 5 5 0 5 0 5 0 5 3 8 0 3 2 5 0

1/500 0 5 5 0 0 5 5 0 5 0 5 0 3 5 8 0 2 2 4 0

20,000

5

1/1000 5 0 5 0 3 2 5 1 4 4 8 0 4 4 8 1 5 4 9 1

1/250 5 0 5 0 5 0 5 0 0 3 3 0 2 2 4 0 3 2 5 0

1/500 4 2 6 1 5 0 5 0 0 3 3 0 4 2 6 0 1 1 2 03

1/1000 5 2 7 1 5 0 5 0 0 3 3 0 4 3 7 0 3 2 5 0

1/250 5 0 5 0 5 0 5 0 0 4 4 0 4 3 7 0 1 2 3 0

1/500 5 0 5 0 5 0 5 0 0 4 4 0 5 3 8 0 4 1 5 04

1/1000 5 0 5 0 5 0 5 0 0 4 4 0 5 3 8 1 1 2 3 0

1/250 5 0 5 0 5 0 5 0 0 5 5 0 4 5 9 0 2 1 3 0

1/500 4 3 7 1 2 4 6 1 3 0 3 0 5 5 10 0 5 5 10 1

50,000

5

1/1000 5 0 5 0 0 5 5 0 5 0 5 0 1 2 3 0 1 3 4 0

1/250 5 0 5 0 5 0 5 0 0 3 3 0 4 2 6 0 5 3 8 1

1/500 5 0 5 0 5 1 6 1 5 3 8 1 5 3 8 0 1 1 2 03

1/1000 5 0 5 0 5 0 5 0 0 3 3 0 4 3 7 1 2 2 4 0

1/250 5 0 5 0 5 0 5 0 0 4 4 0 2 4 6 0 2 3 5 0

1/500 5 0 5 0 1 3 4 1 4 1 5 0 4 3 7 0 1 1 2 04

1/1000 4 1 5 1 4 0 4 0 4 4 8 0 4 4 8 0 0 1 1 0

1/250 0 5 5 0 0 5 5 0 5 0 5 0 3 4 7 1 3 3 6 0

1/500 5 0 5 0 3 2 5 1 0 3 3 0 3 4 7 0 1 0 1 0

100,000

5

1/1000 4 2 6 1 5 5 10 1 5 2 7 0 4 5 9 0 5 5 10 1

Table 2.11: Number of repeat copies resolved and number of haplotype switching in the assem-

blies produced by RAmbler, hifiasm, LJA, and HiCANU; assemblers were given in input synthetic

HiFi reads with coverage 30× generated from synthetic diploid genomes with repeat unit of length

{20, 50, 100} kb; in each synthetic genome the primary haplotype (hap1) had five copies of the

repeat unit, while the secondary haplotype (hap2) had 3-5 copies
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Repeat unit

size (bp)

# of copies

in hap2
p

RAmbler hifiasm (primary) hifiasm (alternate) LJA HiCANU

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errorshap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum

1/250 10 0 10 0 10 0 10 0 0 6 6 0 9 6 15 0 10 6 16 0

1/500 10 0 10 0 10 0 10 0 0 6 6 0 9 4 13 0 10 2 12 06

1/1000 10 0 10 0 10 0 10 0 0 6 6 0 10 6 16 1 9 3 12 1

1/250 10 0 10 0 10 0 10 0 0 8 8 0 9 6 15 0 10 3 13 0

1/500 10 0 10 0 10 0 10 0 0 8 8 0 10 7 17 0 3 3 6 18

1/1000 6 4 10 1 8 7 15 1 6 8 14 1 10 8 18 4 7 7 14 2

1/250 10 0 10 0 10 0 10 0 0 10 10 0 10 9 19 0 10 7 17 0

1/500 7 6 13 0 10 0 10 0 0 10 10 0 9 10 19 0 1 10 11 1

5,000

10

1/1000 0 10 10 0 0 10 10 0 10 0 10 0 10 10 20 0 5 7 12 0

1/250 10 0 10 0 10 0 10 0 0 6 6 0 7 6 13 0 8 6 14 0

1/500 10 1 11 1 10 0 10 0 0 6 6 0 6 3 9 0 7 4 11 06

1/1000 10 0 10 0 10 0 10 0 0 6 6 0 10 6 16 4 7 3 10 0

1/250 10 0 10 0 10 0 10 0 0 8 8 0 6 5 11 0 10 6 16 0

1/500 10 6 16 1 10 0 10 0 0 8 8 0 8 8 16 0 4 6 10 08

1/1000 2 3 5 1 8 2 10 1 3 5 8 1 10 8 18 1 7 6 13 1

1/250 10 0 10 0 0 10 10 0 10 0 10 0 7 8 15 0 6 8 14 0

1/500 0 10 10 0 10 0 10 0 0 10 10 0 6 8 14 0 8 8 16 0

10,000

10

1/1000 10 0 10 0 10 0 10 0 0 10 10 0 9 10 19 0 6 8 14 1

1/250 10 0 10 0 10 0 10 0 0 6 6 0 10 6 16 0 6 6 12 0

1/500 10 0 10 0 10 0 10 0 0 6 6 0 9 6 15 0 6 4 10 06

1/1000 3 6 9 0 7 4 11 1 5 2 7 1 10 4 14 2 10 6 16 1

1/250 10 0 10 0 10 0 10 0 0 8 8 0 8 4 12 0 10 5 15 0

1/500 0 8 8 0 9 4 13 1 0 5 5 0 10 7 17 0 10 8 18 28

1/1000 10 7 17 0 10 0 10 0 0 8 8 0 10 7 17 4 8 5 13 1

1/250 10 1 11 1 9 8 17 1 0 3 3 0 9 6 15 0 9 6 15 0

1/500 0 8 8 0 0 9 9 0 8 0 8 0 9 9 18 0 7 8 15 0

15,000

10

1/1000 2 4 6 0 8 6 14 1 0 0 0 0 10 10 20 2 10 10 20 2

Table 2.12: Number of repeat copies resolved and number of haplotype switching in the assem-

blies produced by RAmbler, hifiasm, LJA, and HiCANU; assemblers were given in input synthetic

HiFi reads with coverage 30× generated from synthetic diploid genomes with repeat unit of length

{5, 10, 15} kb; in each synthetic genome the primary haplotype (hap1) had ten copies of the repeat

unit, while the secondary haplotype (hap2) had 6, 8 or 10 copies
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Repeat unit

size (bp)

# of copies

in hap2
p

RAmbler hifiasm (primary) hifiasm (alternate) LJA HiCANU

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errors

# copies resolved # switch

errorshap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum hap1 hap2 sum

1/250 10 5 15 1 9 0 9 0 0 6 6 0 7 6 13 0 7 3 10 0

1/500 10 0 10 0 6 4 10 1 4 2 6 1 9 4 13 0 4 5 9 06

1/1000 10 0 10 0 7 3 10 1 3 3 6 1 9 6 15 0 6 5 11 1

1/250 10 5 15 1 10 0 10 0 0 8 8 0 8 6 14 2 4 4 8 0

1/500 10 0 10 0 9 2 11 1 0 6 6 0 9 8 17 0 6 7 13 08

1/1000 3 3 6 0 8 0 8 0 2 8 10 1 10 8 18 1 5 5 10 0

1/250 10 0 10 0 0 10 10 0 10 0 10 0 7 7 14 0 10 10 20 3

1/500 2 9 11 1 10 0 10 0 0 10 10 0 10 10 20 0 5 2 7 1

20,000

10

1/1000 7 0 7 0 7 8 15 1 10 10 20 1 10 10 20 2 10 10 20 3

1/250 10 3 13 1 9 3 12 1 1 3 4 1 6 4 10 0 5 2 7 1

1/500 10 0 10 0 10 0 10 0 0 6 6 0 10 4 14 1 4 2 6 06

1/1000 9 1 10 1 10 0 10 0 0 6 6 0 10 6 16 0 7 3 10 0

1/250 10 0 10 0 10 0 10 0 0 8 8 0 10 8 18 1 2 4 6 0

1/500 10 0 10 0 6 4 10 1 4 4 8 1 9 8 17 0 3 5 8 18

1/1000 10 0 10 0 10 0 10 0 0 8 8 0 10 8 18 5 10 8 18 4

1/250 8 7 15 0 7 3 10 1 3 7 10 1 7 7 14 0 4 3 7 0

1/500 0 10 10 0 10 0 10 0 0 10 10 0 7 10 17 0 10 10 20 1

50,000

10

1/1000 8 5 13 1 10 4 14 1 0 10 10 0 10 10 20 9 5 6 11 0

1/250 10 3 13 1 10 0 10 0 0 6 6 0 10 6 16 1 4 2 6 0

1/500 10 0 10 0 10 0 10 0 0 6 6 0 8 5 13 0 10 6 16 16

1/1000 9 1 10 0 3 6 9 0 8 1 9 1 10 6 16 5 10 6 16 1

1/250 10 5 15 1 10 0 10 0 0 8 8 0 4 5 9 0 3 5 8 0

1/500 4 6 10 0 5 5 10 1 5 3 8 1 8 6 14 0 5 3 8 08

1/1000 10 3 13 1 2 8 10 1 8 0 8 0 10 8 18 3 2 2 4 0

1/250 10 0 10 0 0 10 10 0 10 0 10 0 8 9 17 0 6 1 7 0

1/500 10 0 10 0 9 2 11 1 0 8 8 0 6 10 16 0 6 1 7 0

100,000

10

1/1000 1 2 3 0 0 10 10 0 10 0 10 0 10 10 20 4 6 6 12 2

Table 2.13: Number of repeat copies resolved and number of haplotype switching in the assem-

blies produced by RAmbler, hifiasm, LJA, and HiCANU; assemblers were given in input synthetic

HiFi reads with coverage 30× generated from synthetic diploid genomes with repeat unit of length

{20, 50, 100} kb; in each synthetic genome the primary haplotype (hap1) had ten copies of the re-

peat unit, while the secondary haplotype (hap2) had 6, 8 or 10 copies
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# of copies
# test cases RAmbler

hifiasm
LJA HiCANU

in hap1 primary alternate

5 54

avg. # contigs 1 1.09 1.09 3.65 7.48

# match hap1 47 48 46 2 9

# match hap1/hap2 48 50 47 3 12

# match total 0 1 1 19 10

# mismatch 6 3 6 32 32

# switch error 8 7 1 7 12

10 54

avg. # contigs 1.26 1.06 1.07 7.52 13.81

# match hap1 32 40 43 1 6

# match hap1/hap2 33 41 44 1 12

# match total 0 0 1 18 10

# mismatch 21 13 9 35 32

# switch error 14 17 12 18 21

Table 2.14: Summary of assembly performance of RAmbler, hifiasm, LJA, and HiCANU on syn-

thetic diploid genomes with copy number variation
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A B

Figure 2.13: Relationship among RAmbler’s performance, mutation rate p, and number of true

unikmers; (A) Performance of RAmbler for several choices of the mutation rate p over 27 different

combinations of repetitive regions with repeat sizes {10, 15, 20} kb, number of copies {2, 5, 10},

coverage depth = {20×, 30×, 40×}; (B) Number of true unikmers as a function of mutation rate

and repeat unit’s sizes (five copies)

well for non-repetitive regions of the genome. For instance, hifiasm carries out an all-pairs sequence

alignment of the HiFi reads before building the string graph. Highly repetitive regions generate an

overwhelming number of prefix-suffix overlaps, which are difficult to process. In contrast, the use

of unikmers allows RAmbler to detect informative overlaps without the need of sifting through a

very large number of sequence alignments. The use of unikmers also allows RAmbler to eliminate

the need of the error correction step to compensate for rare sequencing errors in HiFi reads, as it is

done in hifiasm.

RAmbler still has some limitations. In simulations, its performance drops significantly

when the mutation rate p is smaller than 1/1000 (see Figure 2.13A). In this case, the individual

copies inside the repetitive regions are almost identical, thus there are not enough unikmers to re-
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solve them. This observation is supported by Figure 2.13B, which illustrates that the number of

unikmers decreases with p. However, the mutation rate in eukaryotic genomes is generally higher

than one SNP over a thousand base pairs [108, 56, 98]. The current implementation of RAmbler is

not multi-threaded which penalizes its runtime. This is an opportunity to improve RAmbler’s run-

time. In addition, RAmbler generates pseudo-haplotype assemblies from HiFi data, while LJA, Hi-

CANU, and Verkko produce phased assemblies and hifiasm always attempts to produce haplotype-

resolved assemblies. HiCANU, hifiasm and Verkko support trio-based enhanced phasing. hifiasm

and Verkko can use Hi-C reads to further improve haplotype resolution. Currently our tool lacks

these features, which we plan to add in future versions of RAmbler.

2.6 Software Availability

RAmbler is available from GitHub (https://github.com/ucrbioinfo/rambler) and as Supplemental

Code in the Appendix A.
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Chapter 3

RAmbler Resolves Complex Repeats in

Human Chromosomes 8, 19 and X

3.1 Introduction

In this chapter, (1) we extend RAmbler, introduced in Chapter 2, for handling cycles in overlap

graphs; (2) we analyze the impacts of HiFi sequencing coverage bias at repetitive regions on RAm-

bler’s performance; (3) we also perform thorough analysis of reference bias in RAmbler; (4) we

carry out experiments to ensure that setting the value of parameter mo (minimum overlap for the

overlap graph) to 1, 000 bp is stringent enough to avoid spurious overlaps in the human genome;

(5) Using NucFreq [128], CRAQ [76], QUAST [48], and SyRI [45], we show that RAmbler can

resolve complex repeats (both centromeric and non-centromeric) in human Chromosomes 8, 19,

and X from HiFi data to a quality comparable to the telomere-to-telomere (T2T) human genome

assembly. (6) Due to the lack of specialized HiFi assemblers for repeats, we compare RAmbler
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Reference
Sample

Illumina (NGS) Oxford Nanopore (ONT) PacBio HiFi (HiFi)

Genome Accession/Link Coverage Accession/Link Coverage Accession/Link Coverage

T2T-CHM13v2.0 CHM13 SRR10035392 ∼17×
T2T rel2 (link) ∼50×

SRR11292120-23 ∼32.4×
T2T rel2 (≥100Kb) ∼17×

HG002v1.0.1 HG002 runs: 1-3, 17 (link) ∼13.5× - - link ∼66×

GRCh38.p13
HG00733 28 runs (1 2 3 4) ∼12× - - link ∼33×

HG01346 SRR769453-54 ∼10× - - SRR25618906 ∼26×

Table 3.1: Data sets for H. sapiens

Organism
Reference Illumina (NGS) Oxford Nanopore (ONT) PacBio HiFi (HiFi)

Genome Accession/Link Coverage Accession/Link Coverage Accession/Link Coverage

Thale cress
TAIR10.1

SRR28338978 ∼43× - - ERR6210723 ∼50×

(A. thaliana) CRR302669 ∼88× CRR302667 ∼475× CRR302668 ∼100×

Table 3.2: Data sets for A. thaliana

against four general-purpose state-of-the-art assemblers, namely hifiasm [26], LJA [8], HiCANU

[96] and Verkko [105]) on five real H. sapiens (Table 3.1) and two real A. thaliana (Table 3.2) data

sets and show that RAmbler outperforms them.

3.2 Methods

The initial algorithmic pipeline used in RAmbler as illustrated in Figure 2.6 was not developed for

handling cycles in overlap graphs which are built in step E. While working with long and complex

repetitive regions present in human genome, the overlap graphs may end up being cyclic. For suc-

cessful repeat reconstruction using RAmbler with real data sets, we extended its step F of generating
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Figure 3.1: RAmbler extension for resolving cycles in an overlap graph

consensus assembly for handling cycles.

To compute the final assembly, RAmbler first determines whether the overlap graph is

acyclic. If it is acyclic, RAmbler executes this step as described in Section 2.2.4. On the contrary,

when the overlap graph has cycles, RAmbler partitions the graph into three components: an acyclic

pre-cycle subgraph, the cycle itself, and a post-cycle subgraph (which could be cyclic), as shown

in Figure 3.1. RAmbler repeats this process iteratively on the post-cycle subgraph until no cycles

remain. Once the graph is completely decomposed in a set of acyclic subgraphs, RAmbler generates

an assembly for each subgraph as described in the previous paragraph. RAmbler then enumerates

all possible combinations of partial assemblies and selects the combination such that the sum of the

individual assembly’s length best matches the estimated length of the repetitive region.

Besides, we have added a component to the RAmbler pipeline that allows automatic inte-

gration of the RAmbler reconstructed repetitive regions back into the input draft genome.
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3.3 Performance Metrics

We used CRAQ (Clipping information for Revealing Assembly Quality) to assess the assemblies

produced by RAmbler [76]. CRAQ utilizes both NGS short reads and long reads for identifying and

classifying errors in a given draft assembly. It reports assembly errors at different scales by trans-

forming error counts into corresponding assembly quality indicators (AQIs) that reflect assembly

quality at both regional and structural levels. CRAQ can distinguish between assembly errors and

heterozygous loci based on the ratio of mapping coverage and the effective number of clipped reads;

(1) Clip-based Regional Errors (CREs): If a region with clipped NGS reads is spanned by long

reads with only SNP cluster features, and (2) Clip-based Structural Errors (CSEs): if the mapped

long reads around a region with errors exhibit clipping features, i.e., the NGS reads simultaneously

show clipping or no coverage.

3.3.1 Assembly quality index (AQI)

AQI = 100e−0.1N/L (3.1)

where N represents the cumulative normalized CRE or CSE count, and L indicates the total length

of the assembly in the mega-base unit. Observe that a perfect assembly will yield an AQI score of

100. To avoid excessive impacts of specific regions enriched in errors (e.g, pericentromeric regions)

on the overall AQI values, error counts were normalized within a sliding window of 0.0001×(total

assembly size).
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3.3.2 Normalized error count in a window (Nw)

Nw =

m∑
i=1

i−1 (3.2)

where m is the actual number of CRE/CSEs in the block. R-AQI and S-AQI can be calculated

separately for CREs and CSEs.

3.4 Parameter Optimization

Recall that Table 2.3 summarizes the five main parameters of RAmbler where the value of mo (min-

imum overlap for the overlap graph) was set to 1, 000 bp in all our experiments (both on synthetic

and real data). In order to ensure that mo = 1, 000 was sufficiently stringent to avoid spurious

overlaps in the human genome, we carried out the following experiment. (i) We collected the cen-

tromeric regions for all human chromosomes in the T2T assembly (excluding the rDNA regions).

(ii) We extracted 1 kb sequences every 100 bp in these centromeric regions. (iii) We computed

an alignment between all pairs of sequences extracted in Step (ii) using minimap2 [75]. Out of

2,860,045 sequences generated in Step (ii), only three had an identical full match to another se-

quence in the set. There was (i) a 1 kb sequence on Chromosome 16 starting at position 33,712,533

matching a 1 kb sequence starting at position 35,108,033, (ii) a 1 kb sequence on Chromosome 16

starting at position 33,713,733 matching a 1 kb sequence starting at position 35,109,233, and (iii) a

1 kb sequence on Chromosome 3 starting at position 95,760,872 matching a 1 kb sequence starting

at position 95,843,772. This analysis demonstrates that spurious overlaps that are 1 kb or longer are

extremely rare in the human genome, even in repetitive regions like the human centromeres. We
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used windows every 100 bp due to the computational cost aligning pairwise all these sequences.

The minimap2 alignment file for 2.86 M sequences was 1.43 TB. The number of 1 kb sequence

every 10 bp would be about 28.6 M, the number of 1 kb sequence every bp would be about 286 M.

Since the alignment file grows quadratically with the number of sequences, it would quickly become

infeasible to process. We believe that the conclusions would still hold with 10× or 100× more data.

3.5 Result Analysis

3.5.1 Experimental Results on Homo sapiens

We used three human genome assemblies as a reference, namely GRCh38.p13 (hereafter called

HG38), T2T-CHM13.v2.0 (T2T), and the maternal strand of HG002 (MAT002). We used PacBio

HiFi reads from four different cell lines, namely CHM13 (from the T2T project), HG002, HG00733,

and HG01346 (these last three from the human pan-genome project [77]). Table 3.1 reports the

accession numbers and statistics for these human data sets, while Table 3.2 summarizes accession

numbers and statistics for A. thaliana.

We used RAmbler to assemble some of the repetitive regions in the reference assem-

blies HG38, T2T and MAT002, using various sets of HiFi reads. We used the following naming

convention to identify the assemblies produced by RAmbler. Hereafter, a RAmbler assembly using

reference assembly G and HiFi reads H will be denoted by RA.G.H . For example, the RAmbler as-

sembly using the HG38 assembly and the HG00733 HiFi reads will be called RA.HG38.HG00733.

We focused on five complex repetitive regions within the human genome: the centromeres

of Chromosome 8 and X, and three non-centromeric regions from Chromosome 19. While the

selection of these regions was somewhat arbitrary, it was motivated by a few factors: (1) these
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regions were over-collapsed in the HG38 assembly (Figure 3.2), (2) Chromosomes 8, 19, and X have

no unplaced contigs within the HG38 assembly, and (3) Chromosome 19 contains a few unresolved

non-centromeric repeats (Figure 3.3). Our intent was to show that using newer HiFi reads, RAmbler

could improve some of the over-collapsed repetitive regions, in particular in the HG38 assembly.

We carried out five experiments on human data sets. The first two experiments were

aimed at demonstrating RAmbler’s ability to resolve repeats without manual curation. For these

two experiments, we used as inputs (1) the T2T assembly with CHM13 HiFi reads, and (2) the

MAT002 assembly with HG002 HiFi reads. The other three experiments focused on RAmbler’s

performance. For these three, we used as input the HG38 assembly and HiFi reads from (3) HG002,

(4) HG00733, and (5) HG01346.

We carried out these five experiments on the centromeric regions of Chromosomes 8 and

X, as well as three non-centromeric regions on Chromosome 19. We ran RAmbler, hifiasm, LJA,

HiCANU, and Verkko on the subset of HiFi reads mapped to these regions. SDA was excluded

because it is obsolete for reasons explained in Chapter 1. CentroFlye was also excluded because

we were unable to run it on our 2.8 GHz 32-core processor server with 512GB of RAM. We tried

first to reconstruct the centromere of Chromosome X using the HiFi reads and the HORs provided

by the authors, but CentroFlye failed during the error-correction step. When we tried to reconstruct

the same centromere using the CHM13 ONT reads from [16], CentroFlye ran out of memory. The

instructions claim that CentroFlye requires about 800GB of RAM to complete the assembly of

Chromosome X.

The comparative results for RAmbler, hifiasm, LJA, HiCANU, and Verkko on the cen-
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Figure 3.2: NucFreq plots illustrating HiFi read mapping coverage for the comparison of

RA.HG38.HG01346 assembly against GRCh38.p13 (HG38) of human Chromosomes 8, 19, and

X; in all plots, blocks (i), (ii), and (iii) are non-centromeric repeats in Chromosome 19; blocks (iv)

and (v) are the centromeric regions of Chromosomes 8 and X, respectively
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Chr
Input

HiFi reads Depth
Repetitive region # Selected Selected reads Expected Assembler

assembly start (Mb) end (Mb) reads sum (Mb) size (Mb) RAmbler hifiasm LJA HiCANU Verkko

8

HG38

HG002 67.5× 43.5 46.5 15,620 249.038 3.689

# contigs 2 3 39

-

66

Total (bp) 3,885,290 3,632,973 7,573,022 8,186,622

Longest contig 3,627,559 1,843,336 2,701,877 1,374,826

HG00733 32.8× 43.5 46.5 7,241 99.356 3.029

# contigs 1 3 74 44 103

Total (bp) 3,805,715 3,692,973 6,653,621 6,279,128 7,267,808

Longest contig 3,805,715 3,483,042 1,384,931 1,002,430 1,710,467

HG01346 26× 42.0 48.0 9,579 177.120 6.812

# contigs 3 5 91 73 134

Total (bp) 7,553,039 6,637,843 12,660,338 13,840,156 13,671,832

Longest contig 6,229,877 6,213,919 4,017,234 6,043,945 2,981,689

T2T CHM13 32.4× 43.5 46.5 5,591 101.370 3.129

# contigs 1 1 1 10 1

Total (bp) 3,040,965 3,040,965 3,040,948 3,343,237 3,032,370

Longest contig 3,040,965 3,040,965 3,040,948 3,033,722 3,032,370

MAT002 HG002 66× 43.5 47.0 14,393 229.495 3.477

# contigs 1 3 26

-

51

Total (bp) 3,271,813 3,309,709 6,861,347 7,415,002

Longest contig 3,271,813 1,776,606 2,701,877 1,374,826

X

HG38

HG002 34.2× 57.5 63.0 9,665 155.687 4.552

# contigs 1 1 1 1

N/ATotal (bp) 4,678,725 4,678,719 4,663,887 4,669,944

Longest contig 4,678,725 4,678,719 4,663,887 4,669,944

HG00733 31.8× 57.25 64.0 15,333 209.268 6.581

# contigs 2 3 114 103 170

Total (bp) 5,653,597 5,279,187 12,115,053 13,853,128 13,649,195

Longest contig 3,813,195 3,408,909 1,675,295 2,970,002 3,984,187

HG01346 25.5× 57.25 64.0 9,679 179.004 7.020

# contigs 1 5 74 92 140

Total (bp) 7,378,373 7,072,503 12,305,066 14,376,243 13,718,592

Longest contig 7,378,373 3,232,572 4,247,266 3,280,524 4,251,271

T2T CHM13 34× 57.5 62.0 8,488 153.883 4.526

# contigs 1 2 3 22 10

Total (bp) 4,468,109 4,533,307 4,536,587 5,081,155 4,575,146

Longest contig 4,468,109 4,486,438 4,074,724 2,016,666 1,940,381

MAT002 HG002 33× 57.5 62.0 9,362 150.793 4.569

# contigs 2 2 3

-

4

Total (bp) 4,566,785 4,566,777 4,542,009 4,546,175

Longest contig 4,542,010 4,542,004 4,180,812 4,141,556

Table 3.3: Comparison of the assemblies produced by RAmbler, hifiasm, LJA, HiCANU and Verkko

on the HiFi reads extracted around the centromeres of human Chromosomes 8 and X, for several

choices of input assemblies and HiFi reads. Note: ‘-’ means that the assembler timed out after 96

hours, ‘N/A’ means that the assembler finished execution but produced no output, numbers in bold

indicate the assemblies with the fewest contigs in each row
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Figure 3.3: Mapping coverage for HiFi HG01346 reads (∼26× coverage) on all chromosomes in

GRCh38.p13 (HG38) and T2T-CHM13.v2.0 (T2T)

tromeric regions of Chromosomes 8 and X are summarized in Table 3.3. Columns 2, 3, and 4

indicate the input assembly, the HiFi sample, and the chromosome-level sequencing depth, respec-

tively. Columns 5 and 6 indicate the boundaries of the regions to be re-assembled. Columns 7 and

8 indicate the number of HiFi reads mapped to the target region and the total number of bases in

these reads, respectively. In Column 9, we show RAmbler’s estimate of the size of the repetitive

region, obtained by computing the ratio between the total number of bases of the selected HiFi

reads and the average chromosome-level coverage depth. While it has been reported that repeti-

tive regions can affect HiFi sequencing coverage [95], we determined that this coverage bias would

have a small impact on RAmbler’s estimation of the length of the repetitive region to be assembled.
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When we masked all repetitive regions from the human genome, the changes in HiFi coverage was

relatively small. Table 3.6 shows that on Chromosomes 8, 19 and X, the change in coverage after

repeat masking was smaller than 4%. Overall, the variations in coverage were under 9% at the

chromosome-level and under 3% at the genome level. The largest change was observed for Chro-

mosome 17 (8.57% variation in coverage using the HG002 HiFi reads). Such a coverage fluctuation

would mean that, in the worst case, a repetitive region with ten copies of the monomer could be

underestimated by one copy. Columns 11-15 show the assembly statistics for RAmbler, hifiasm,

LJA, HiCANU, and Verkko. Observe that RAmbler consistently produced the least fragmented as-

semblies, and in most cases the longest contig produced by RAmbler was the longest among all

assemblers. In many cases the total assembly size generated by RAmbler was close to the expected

assembly size, although hifiasm also produced assemblies whose total size was also consistent with

the expectation. Similar observations could be made for the three non-centromeric regions on Chro-

mosome 19 (Table 3.4 for T2T and MAT002, Table 3.5 for HG38).

Unlike de novo assemblers which consistently produce the same outputs for the same set

of input reads, RAmbler’s assembly depends on the reference used as it relies on the input assembly

to identify the reads that belong to a repetitive region. Observe that in Table 3.3 we used the same

set of HiFi reads (HG002) with two reference assemblies, namely HG38 and MAT002. Despite

the difference between HG38 and MAT002, in particular in the centromeric regions, the analysis in

Table 3.7 shows that more than 85% of the selected reads were shared. As a result, the RAmbler

assemblies are relatively consistent. For instance, on the centromere of Chromosome X, the length

difference for the longest contigs was about 3%. On the centromere of Chromosome 8, the length
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Input
HiFi reads Coverage

Repetitive region # Selected Selected reads Expected Assembler

assembly start (Mb) end (Mb) reads sum (Mb) size (Mb) RAmbler hifiasm LJA HiCANU Verkko

T2T CHM13 30.5×

8 10 3,428 61.473 2.016

# contigs 1 1 1 8 1

Total (bp) 2,050,034 2,050,034 2,040,669 2,294,767 2,047,043

Longest contig 2,050,034 2,050,034 2,040,669 2,047,040 2,047,043

38.5 41.5 5,154 92.475 3.032

# contigs 1 1 1 10 4

Total (bp) 3,042,992 3,042,992 3,042,941 3,309,519 3,125,757

Longest contig 3,042,992 3,042,992 3,042,941 3,037,943 2,793,414

50 54 6,422 114.784 3.763

# contigs 1 1 1 7 1

Total (bp) 4,051,224 4,051,222 4,051,225 4,251,698 4,051,206

Longest contig 4,051,224 4,051,222 4,051,225 4,044,012 4,051,206

MAT002 HG002 60×

8 10 7,709 123.020 2.050

# contigs 1 3 14 15 23

Total (bp) 2,082,651 2,149,253 4,034,730 4,275,016 4,213,623

Longest contig 2,082,651 2,082,652 734,364 2,002,029 751,170

38.5 41.5 11,249 180.077 3.001

# contigs 1 2 21 14 21

Total (bp) 3,029,470 3,077,117 5,880,214 6,065,751 5,925,770

Longest contig 3,029,470 3,041,587 1,395,837 3,023,701 1,581,545

50 54 13,854 220.561 3.676

# contigs 1 1 23 17 41

Total (bp) 4,040,445 4,040,444 7,849,165 8,056,324 8,090,995

Longest contig 4,040,445 4,040,444 1,721,763 4,035,820 1,602,573

Table 3.4: Assembly statistics for RAmbler, hifiasm, LJA, HiCANU and Verkko on three non-

centromeric repeats of Chromosome 19 from the T2T-CHM13.v2.0 assembly (T2T) and the mater-

nal HG002 assembly (MAT002) using the corresponding HiFi reads as inputs
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Input
HiFi reads Coverage

Repetitive region # Selected Selected reads Expected Assembler

assembly start (Mb) end (Mb) reads sum (Mb) size (Mb) RAmbler hifiasm LJA HiCANU Verkko

HG38

HG002 61×

8 10 8,183 130.625 2.141

# contigs 1 1 14 12 23

Total (bp) 2,203,257 2,225,655 4,344,711 4,496,850 4,509,590

Longest contig 2,203,257 2,225,655 770,032 2,223,194 780,635

36 38 8,657 138.825 2.276

# contigs 1 1 9 5 14

Total (bp) 2,272,627 2,272,627 4,386,424 4,502,066 4,586,729

Longest contig 2,272,627 2,272,627 1,169,520 1,355,295 1,346,483

47 51 14,573 232.556 3.812

# contigs 1 2 31 22 53

Total (bp) 4,283,959 4,313,161 8,347,481 8,639,631 8,658,198

Longest contig 4,283,959 4,294,647 1,651,643 3,958,242 1,565,100

HG00733 33×

8 10 5,236 70.550 2.138

# contigs 1 1 52 33 72

Total (bp) 2,214,533 2,214,533 4,221,660 4,370,351 4,541,272

Longest contig 2,214,533 2,214,533 672,674 2,104,790 538,893

36 38 5,529 74.748 2.265

# contigs 1 1 27 48 76

Total (bp) 2,292,968 2,292,968 3,552,638 4,493,447 4,362,704

Longest contig 2,292,968 2,292,968 697,275 2,287,243 320,798

47 51 10,283 137.920 4.179

# contigs 2 12 32 31 62

Total (bp) 4,197,958 7,150,118 8,335,398 8,595,284 8,670,120

Longest contig 3,217,913 4,215,911 843,864 4,279,895 783,679

HG01346 24.5×

8 10 2,926 53.411 2.180

# contigs 1 1 25 18 31

Total (bp) 2,190,205 2,198,110 4,198,112 4,460,687 4,395,359

Longest contig 2,190,205 2,198,110 705,013 1,538,054 580,887

36 38 2,992 55.055 2.247

# contigs 1 1 21 20 42

Total (bp) 2,303,078 2,303,078 3,744,185 4,229,499 4,120,267

Longest contig 2,303,078 2,303,078 531,893 2,296,104 451,056

47 51 5,216 95.285 3.889

# contigs 1 2 36 28 64

Total (bp) 4,244,920 4,329,037 8,412,138 8,695,951 8,722,578

Longest contig 4,244,920 4,271,958 793,309 4,069,987 656,797

Table 3.5: Assembly statistics for RAmbler, hifiasm, LJA, HiCANU and Verkko on three non-

centromeric repeats of Chromosome 19 using HiFi reads HG002, HG00733, HG01346 and

GRCh38.p13 (HG38) as input assembly
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Chromosome statistics HiFi reads: HG002 HiFi reads: HG00733 HiFi reads: HG01346

Length Length of SDs Coverage Coverage Coverage
Chr

(bp) (bp)
Coverage

(SDs masked)
Change (%) Coverage

(SDs masked)
Change (%) Coverage

(SDs masked)
Change (%)

1 248,956,422 14,814,748 65.75 65.30 0.68 34.07 32.88 3.49 25.83 25.28 2.13

2 242,193,529 10,341,536 69.02 70.67 2.39 33.97 34.75 2.30 26.72 27.30 2.17

3 198,295,559 3,642,738 69.89 71.52 2.33 34.06 34.83 2.26 26.66 27.24 2.18

4 190,214,555 5,059,972 72.27 72.82 0.76 34.49 34.17 0.93 27.66 27.54 0.43

5 181,538,259 5,948,025 70.77 72.84 2.92 33.94 35.01 3.15 26.8 27.61 3.02

6 170,805,979 4,071,190 69.6 71.19 2.28 33.11 33.90 2.39 26.20 26.81 2.33

7 159,345,973 13,686,825 67.68 71.05 4.98 33.6 35.18 4.70 26.37 27.65 4.85

8 145,138,636 3,143,789 67.61 68.10 0.72 32.78 33.07 0.88 25.94 26.18 0.93

9 138,394,717 13,547,270 59.75 60.90 1.92 30.15 30.57 1.39 23.66 24.00 1.44

10 133,797,422 7,574,751 69.74 70.85 1.59 35.86 35.52 0.95 27.60 27.58 0.07

11 135,086,622 5,719,550 67.50 69.48 2.93 34.01 35.05 3.06 26.39 27.18 2.99

12 133,275,309 3,027,056 68.23 70.01 2.61 33.89 34.78 2.63 26.21 26.81 2.29

13 114,364,328 3,363,038 59.80 61.53 2.89 28.27 29.03 2.69 22.60 23.25 2.88

14 107,043,718 2,952,467 57.97 58.58 1.05 28.58 28.95 1.29 22.24 22.62 1.71

15 101,991,189 8,669,292 52.15 54.87 5.22 26.70 27.82 4.19 20.68 21.73 5.08

16 90,338,345 9,086,009 62.23 64.38 3.45 34.45 35.55 3.19 26.25 27.37 4.27

17 83,257,441 7,711,895 61.83 67.13 8.57 33.34 35.81 7.41 24.94 26.58 6.58

18 80,373,285 1,938,507 67.91 69.06 1.69 32.71 33.28 1.74 25.57 26.00 1.68

19 58,617,616 3,985,208 61.11 62.98 3.06 33.61 34.70 3.24 24.35 25.23 3.61

20 64,444,167 2,894,651 71.59 74.02 3.39 37.99 36.60 3.66 28.73 27.61 3.90

21 46,709,983 6,163,779 62.94 61.22 2.73 31.45 29.44 6.39 24.88 23.52 5.47

22 50,818,468 5,996,890 48.68 47.69 2.03 26.12 26.22 0.38 20.20 19.93 1.34

X 156,040,895 10,321,878 34.20 35.21 2.95 31.75 32.66 2.87 25.52 26.29 3.02

Total 3,031,042,417 153,661,064 64.73 66.19 2.26 32.56 33.03 1.44 25.3 25.71 1.62

Table 3.6: Changes in HiFi reads’ coverage for each Chromosome when segmental duplications

(SD) are masked
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Chr
Input

Region
# Selected # Common Common

Assembly reads reads (%)

8
HG38

Centromere

15,620
14,392

92.14

MAT002 14,393 99.99

X
HG38 9,665

8,217
85.02

MAT002 9,362 87.77

19

HG38
8 Mb - 10 Mb

8,183
7,548

92.24

MAT002 7,709 97.91

HG38 36 Mb - 38 Mb 8,657
7,453

86.09

MAT002 38.5 Mb - 40.5 Mb 7,775 95.86

HG38 47 Mb - 51 Mb 14,573
12,454

85.46

MAT002 50 Mb - 54 Mb 13,854 89.89

Table 3.7: Comparing the number of selected HiFi HG002 reads when the GRCh38.p13 assembly

(HG38) or the maternal HG002 assembly (MAT002) were used as the input reference assembly to

RAmbler

difference for the longest contigs was approximately 10%.

While the assembly contiguity statistics reported in Tables 3.3 to 3.5 are important, they

did not tell us whether these assemblies had high quality. In order to quantitatively assess the assem-

bly quality, we used a two-pronged approach. First, we used the manually-curated T2T assembly

as the ground truth and we measured the agreement between the RAmbler assemblies and the T2T

assembly using QUAST [48] and SyRI [45]. This approach, however, can be problematic because
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the HiFi reads used for the RAmbler assemblies did not originate from the cell line used to generate

the T2T assembly. Human centromeres are known to exhibit high variation across individuals [4].

For instance, the NucFreq coverage plots in Figure 3.3 show coverage spikes in the centromeric

regions of the T2T assembly when the HG01346 reads were mapped to it. As a consequence some

level of divergence would be expected in RAmbler’s centromeric assembly when compared to the

T2T assembly. In order to obtain both qualitative and quantitative assessments of RAmbler’s im-

provements, we measured the assembly quality using CRAQ [76] and NucFreq [128]. CRAQ is

a tool that measures assembly quality without the need of a reference; in particular, it can detect

local and global assembly errors based on the alignment information of mapped reads (long and

short). CRAQ was given in input Illumina reads (which were not used in the assembly) and HiFi

reads (which were used for the assembly). While we expected a reduction in coverage spikes in the

repetitive regions of the NucFreq plots because those HiFi reads were also used in the assembly, we

were interested in measuring the extent of this reduction. Additionally, we used NucFlag (an exten-

sion of NucFreq) to flag assembly errors or collapses along with the coverage plots. Note that the

alignments of centromeres in Figure 3.4 shows that the centromeres are missing in the optical maps

(GM08331). Since the centromeres are highly repetitive and lack the nicking/restriction enzyme

sites, the optical map assembly pipeline over-compresses those regions. Hence optical maps cannot

be used to validate the assembly quality at the centromeres, or in other complex repetitive region.

To establish RAmbler’s assembly quality, we carried out two sets of experiments. In the

first set, we show that RAmbler can drastically improve the HG38 assembly in the five repetitive

regions to a QUAST-based quality comparable to the T2T assembly using HG002, HG00733, or

HG01346 HiFi reads. In the second set, we show that if RAmbler was given the same set of HiFi
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Figure 3.4: Alignment of the centromeres of GRCh38.p13 (HG38) and T2T-CHM13.v2.0 (T2T)

against the reference optical map GM08331
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reads used for the T2T or the MAT002 assemblies, it would produce an assembly of the five repeti-

tive regions that matches, if not exceeds, the quality of the corresponding reference assemblies.

Figure 3.5A-B summarizes the results of one run from the first set of experiments using

HG01346 HiFi reads. Figure 3.5A shows the HiFi coverage. The coverage depth in Figure 3.5A is

clipped at 60× for better visualization, whereas Figure 3.2 shows full-scale plots for HG38 and the

RAmbler assembly RA.HG38.HG01346. Observe that on Chromosome 19, RA.HG38.HG01346

has a more uniform coverage across the three repetitive regions compared to HG38, in particular

for regions (i) and (ii). Also observe that (1) while the coverage on region (iv) of Chromosome 8

of HG38 is ∼600×, it reduces to ∼100× in RA.HG38.HG01346 indicating a partial resolution of

the repeat; (2) while the coverage on region (v) of Chromosome X of HG38 is ∼800×, it reduces

to ∼30× in RA.HG38.HG01346 indicating a full resolution of the repeat. From a purely coverage

viewpoint, these results indicate that RA.HG38.HG01346 is significantly improved compared to

HG38. Figure 3.6A illustrates the NucFlag plots for the five regions analyzed. Observe that NucFlag

indicates much fewer errors in the RA.HG38.HG01346 assembly compared to HG38.

Figure 3.5B shows the results of the CRAQ analysis [76]. We used HG01346 HiFi reads

and HG01346 Illumina reads (∼10× coverage) to evaluate the quality of HG38 and RA.HG38.HG01346.

The Circos plots [72] in Figure 3.5B illustrate the (a) assembly quality indicators (AQI) score

(blue curve, higher is better, see Section “Performance Metrics for Real Data”, (b) base errors

(green bands, fewer is better), and (c) misjoins (red bands, fewer is better). Cones (i)-(v) high-

light the repetitive regions. On Chromosome 19, observe that (1) the assembly quality index (AQI)

score for RA.HG38.HG01346 is higher than the AQI score for HG38 on all three regions; (2)

RA.HG38.HG01346’s base errors are significantly better than HG38; (3) CRAQ reports four mis-
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Figure 3.5: Comparing RAmbler’s assemblies (RA.HG38.HG01346 and RA.T2T.CHM13) against

(A, B) the GRCh38.p13 assembly (HG38) and (C, D) the T2T-CHM13.v2.0 assembly (T2T) of

human Chromosomes 8, 19, and X; in all plots, blocks (i), (ii), and (iii) are non-centromeric repeats

in Chromosome 19; blocks (iv) and (v) are the centromeric regions of Chromosomes 8 and X,

respectively; (A, C) NucFreq plots illustrating HiFi read mapping coverage (clipped at 60×); (B, D)

CRAQ Circos plots illustrating (a) assembly quality index (AQI) score (higher is better), (b) base

errors (fewer is better), and (c) misjoins (fewer is better)
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Figure 3.6: NucFlag plots illustrating HiFi read mapping coverage for the comparison of (A)

RA.HG38.HG01346 assembly against GRCh38.p13 (HG38) and (B) RA.T2T.CHM13 assembly

against T2T-CHM13.v2.0 (T2T) of human Chromosomes 8, 19, and X; in all plots, blocks (i), (ii),

and (iii) are non-centromeric repeats in Chromosome 19; blocks (iv) and (v) are the centromeric

regions of Chromosomes 8 and X, respectively
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joins in HG38, and zero in RA.HG38.HG01346. Also observe that on the centromeres of Chro-

mosome 8 and Chromosome X, the AQI scores for RA.HG38.HG01346 are higher than the AQI

scores for HG38. On Chromosome 8, HG38 has two misjoins, and RA.HG38.HG01346 has none.

RA.HG38.HG01346 also has fewer base errors. On Chromosome X, RA.HG38.HG01346 has no

misjoins (HG38 has two) with fewer base errors than HG38. The NucFreq, the Circos/CRAQ and

the NucFlag plots for HiFi reads HG002 and HG00733 are shown in Figures 3.7 and 3.8. The

coverage plots and the Circos plots from both of these runs demonstrate similar results as shown

in Figure 3.5A-B. Table 3.8 reports all the statistics produced by CRAQ, which clearly indicates

that RA.HG38.HG002, RA.HG38.HG00733 and RA.HG38.HG01346 are improved compared to

HG38.

Table 3.9 reports the QUAST metrics for HG38, RA.HG38.HG002, RA.HG38.HG00733

and RA.HG38.HG01346, using the T2T assembly as the ground truth and for HG38 and RA.HG38.HG002,

using the MAT002 assembly as the ground truth. When T2T was used as the reference, (1) the num-

ber of misassemblies on Chromosome 8 decreased from 371 in HG38 to 239-278 in the RAmbler

assemblies; on Chromosome 19, they decreased from 101 in HG38 to 92-100; on Chromosome X,

they decreased from 374 in HG38 to 205-250, (2) the genome fraction for Chromosome 19 in-

creased from about 90.7% to about 91.5%; on Chromosome X, it increased from about 98.6% to

about 99%; on Chromosome 8, it remained the same around 98%. When MAT002 was used as the

reference, (1) the number of misassemblies on Chromosome 8 decreased from 382 in HG38 to 205

in RA.HG38.HG002; on Chromosome 19, they reduced to 102 from 119; on Chromosome X, they

decreased from 382 in HG38 to 169, (2) the genome fraction for Chromosome 8 increased from

97.5% to 98.4%; on Chromosome 19, it improved from 91.2% to 92.3%; on Chromosome X, it in-
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Chromosome Metric
HG002 HG00733 HG01346

HG38 RA.HG38.HG002 HG38 RA.HG38.HG00733 HG38 RA.HG38.HG01346

19

Coverage (%) 90.57 94.25 89.95 94.16 90.32 94.05

R-AQI 77.33 78.03 75.96 76.45 67.66 68.92

S-AQI 81.29 82.12 92.69 89.81 89.29 91.41

8

Coverage (%) 92.96 98.19 92.47 97.34 92.41 97.72

R-AQI 82.11 83.79 80.90 83.81 79.16 79.22

S-AQI 89.48 92.60 94.21 96.54 98.52 98.60

X

Coverage (%) 94.02 98.31 93.91 97.95 94.06 97.71

R-AQI 81.52 81.76 86.66 86.17 83.60 82.85

S-AQI 92.15 93.66 94.69 94.86 96.32 97.42

Table 3.8: Comparing RAmbler’s assemblies (RA.HG38.HG002, RA.HG38.HG00733, and

RA.HG38.HG01346) for selected regions of human Chromosomes 19, 8, and X against the

GRCh38.p13 assembly (HG38) using CRAQ; CRAQ reports assembly coverage rate (i.e., the frac-

tion of the genome assembled), Regional Assembly Quality Indicator (R-AQI) score (higher is

better) and Structural Assembly Quality Indicator (S-AQI) score (higher is better); CRAQ was pro-

vided Illumina reads (∼13.5× coverage) and long PacBio HiFi reads (∼66× coverage) for HG002;

Illumina reads (∼12× coverage) and long PacBio HiFi reads (∼33× coverage) for HG00733; Illu-

mina reads (∼10× coverage) and long PacBio HiFi reads (∼26× coverage) for HG01346; numbers

in bold indicate the best scores
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Chromosome Reference Query
Metric

Genome fraction Normalized NG50 (η) # of misassemblies

8

T2T

RA.T2T.CHM13 100.000 1.000 0

HG38 97.971 0.992 371

RA.HG38.HG002 97.779 0.996 239

RA.HG38.HG00733 98.303 0.998 278

RA.HG38.HG01346 97.813 0.994 239

MAT002

RA.MAT002.HG002 99.482 0.998 49

HG38 97.532 0.989 382

RA.HG38.HG002 98.379 0.993 205

19

T2T

RA.T2T.CHM13 100.000 1.000 0

HG38 90.706 0.950 101

RA.HG38.HG002 91.480 0.960 92

RA.HG38.HG00733 91.458 0.961 98

RA.HG38.HG01346 91.561 0.960 100

MAT002

RA.MAT002.HG002 99.940 1.000 3

HG38 91.233 0.956 119

RA.HG38.HG002 92.275 0.966 102

X

T2T

RA.T2T.CHM13 99.950 1.000 2

HG38 98.611 1.012 374

RA.HG38.HG002 99.126 1.006 205

RA.HG38.HG00733 98.849 1.004 213

RA.HG38.HG01346 98.960 1.015 250

MAT002

RA.MAT002.HG002 100.000 1.000 2

HG38 98.576 1.011 382

RA.HG38.HG002 99.595 1.005 169

Table 3.9: QUAST scores for human Chromosomes 8, 19, and X from GRCh38.p13 (HG38) and

RAmbler (RA.T2T.CHM13, RA.HG38.HG002, RA.HG38.HG00733 and RA.HG38.HG01346) us-

ing T2T-CHM13.v2.0 (T2T) as the ground truth; the length of the chromosomes are 146,259,331 bp,

61,707,364 bp, and 154,259,566 bp, respectively, and from GRCh38.p13 (HG38) and RAm-

bler (RA.MAT002.HG002 and RA.HG38.HG002) using the maternal strand of HG002 (MAT002)

as the ground truth; the length of the chromosomes are 146,740,790 bp, 61,317,360 bp, and

154,341,406 bp respectively
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creased from 98.6% to 99.6%. Figure 3.9 shows the synteny analysis based on SyRI [45]. Observe

the much stronger synteny between the three RAmbler assemblies and T2T, compared to HG38.

Figure 3.5C-D summarizes the results of one of the runs from the second set of ex-

periments obtained by RAmbler using the PacBio HiFi reads that were used for the T2T project

(∼32.4× coverage). Hereafter, this RAmbler assembly is called RA.T2T.CHM13. Observe in Fig-

ure 3.5C that T2T and RA.T2T.CHM13 have nearly identical HiFi coverage across all five regions,

which is also reflected in the NucFlag analysis in Figure 3.6B. Figure 3.5D illustrates the CRAQ

assessments based on the alignment of CHM13 HiFi reads and CHM13 Illumina reads. Observe

that both T2T and RA.T2T.CHM13 have similar AQI scores across all three chromosomes with

no misjoins, except for three base errors introduced in the centromere of Chromosome 8 and one

base error corrected in the Chromosome X by RAmbler (CRAQ numerical scores are reported in

Table 3.10). We also used ultra-long ONT reads (longer than 100 kb, ∼17× coverage) to further

evaluate and compare these assemblies. The UL-ONT coverage and CRAQ plots in Figure 3.10,

and the CRAQ numerical scores in Table 3.11 indicate that the RA.T2T.CHM13 has the same qual-

ity as T2T. The NucFreq plots, the Circos plots based on CRAQ (numerical scores are reported

in Table 3.12) and the NucFlag plots for the other run from this set of experiments are shown in

Figures 3.11 and 3.12. We used the MAT002 assembly as input assembly with the HG002 HiFi

reads. The coverage plots and the Circos plots from this run demonstrate similar results as shown

in Figure 3.5C-D. However, the NucFlag analysis reveals that the RA.MAT002.HG002 assembly

had fewer errors than MAT002 in three out of the five repetitive regions. Figure 3.13A indicates a

perfect synteny between RA.T2T.CHM13 and T2T across Chromosomes 8, 19, and X. Similarly,
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Figure 3.7: Comparing assemblies RA.HG38.HG002 and RA.HG38.HG00733 against

GRCh38.p13 (HG38) of human Chromosomes 8, 19, and X; in all plots, blocks (i), (ii), and (iii)

are non-centromeric repeats in Chromosome 19; blocks (iv) and (v) are the centromeric regions of

Chromosomes 8 and X, respectively; (A, C) NucFreq plots illustrating HiFi read mapping coverage;

(B, D) CRAQ Circos plots illustrating (a) assembly quality index (AQI) score (higher is better), (b)

base errors (lower is better), and (c) misjoins (lower is better)
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Figure 3.8: NucFlag plots illustrating HiFi read mapping coverage for the comparison of (A)

RA.HG38.HG002 assembly and (B) RA.HG38.HG00733 assembly against GRCh38.p13 (HG38)

of human Chromosomes 8, 19, and X; in all plots, blocks (i), (ii), and (iii) are non-centromeric

repeats in Chromosome 19; blocks (iv) and (v) are the centromeric regions of Chromosomes 8 and

X, respectively
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Figure 3.9: Synteny plots of RAmbler’s assemblies against GRCh38.p13 assembly (HG38) and the

T2T-CHM13.v2.0 assembly (T2T) on human Chromosomes 19, 8, and X using SyRI; (A) Synteny

plots between HG38 (blue), RA.HG38.HG002 (orange) and T2T (green); (B) Synteny plots between

HG38 (blue), RA.HG38.HG00733 (orange) and T2T (green); (C) Synteny plots between HG38

(blue), RA.HG38.HG01346 (orange) and T2T (green)

Figure 3.13B illustrates a perfect synteny between RA.MAT002.HG002 and MAT002 across Chro-

mosomes 8 and 19, and a near perfect synteny with a small inversion in Chromosome X.

Table 3.13 shows the runtime and the memory consumption for RAmbler to resolve the

centromeres of human Chromosomes 8 and X. Currently RAmbler takes longer than hifiasm, LJA

and Verkko. RAmbler’s memory consumption is reasonable. The current implementation of RAm-

bler is not multi-threaded, so there is an opportunity to make it faster and more scalable.
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Chromosome Assembly Coverage Rate (%) R-AQI S-AQI

19
T2T 99.73 97.91

100

RA.T2T.CHM13 99.68 98.23

8
T2T 99.85 99.69

RA.T2T.CHM13 99.77 99.49

X
T2T 99.56 98.83

RA.T2T.CHM13 99.64 99.25

Table 3.10: CRAQ report on assembly coverage and errors obtained using short Illumina reads (SRA

accession SRR10035392, ∼17× coverage) and PacBio HiFi reads (SRA accession SRR11292120-

SRR11292123, ∼32.4× coverage) on human Chromosomes 19, 8, and X from T2T-CHM13.v2.0

(T2T) and RAmbler (RA.T2T.CHM13); numbers in bold indicate the best scores
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Figure 3.10: Comparing RAmbler’s assembly (RA.T2T.CHM13) quality against the T2T-

CHM13.v2.0 assembly (T2T) on human Chromosomes 19, 8, and X. Blocks (i), (ii), and (iii) are

non-centromeric repeats in Chromosome 19; blocks (iv) and (v) are the centromeric regions of

Chromosomes 8 and X; (A) NucFreq plots illustrating ultra-long ONT (link, ∼17× coverage (≥

100 kb)) read mapping coverage for T2T (top), and RAmbler (bottom); (B) CRAQ Circos plots

illustrating regional AQI scores, base errors, and misjoins
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Chromosome Assembly Coverage Rate (%) R-AQI S-AQI

19
T2T 99.98 68.60

100

RA.T2T.CHM13 99.98 72.14

8
T2T 99.41 84.61

RA.T2T.CHM13 99.41 85.57

X
T2T 99.99 82.03

RA.T2T.CHM13 99.99 84.07

Table 3.11: CRAQ report on assembly coverage and errors obtained using short Illumina reads (SRA

accession SRR10035392, ∼17× coverage) and ultra-long Oxford Nanopore reads (link, ∼17× cov-

erage (≥ 100 kb)) on human Chromosomes 19, 8, and X from T2T-CHM13.v2.0 (T2T), and RAm-

bler (RA.T2T.CHM13); numbers in bold indicate the best scores
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Figure 3.11: Comparing RA.MAT002.HG002 against the maternal HG002 assembly (MAT002)

of human Chromosomes 8, 19, and X; in all plots, blocks (i), (ii), and (iii) are non-centromeric

repeats in Chromosome 19; blocks (iv) and (v) are the centromeric regions of Chromosomes 8 and

X, respectively; (A) NucFreq plots illustrating HiFi read mapping coverage; (B) CRAQ Circos plots

illustrating (a) assembly quality index (AQI) score (higher is better), (b) base errors (fewer is better),

and (c) misjoins (fewer is better)
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Figure 3.12: NucFlag plots illustrating HiFi read mapping coverage for the comparison of

RA.MAT002.HG002 assembly against the maternal HG002 assembly (MAT002) of human Chro-

mosomes 8, 19, and X; in all plots, blocks (i), (ii), and (iii) are non-centromeric repeats in Chromo-

some 19; blocks (iv) and (v) are the centromeric regions of Chromosomes 8 and X, respectively
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Chromosome Assembly Coverage Rate (%) R-AQI S-AQI

19
MAT002 99.07 98.69 98.37

RA.MAT002.HG002 99.20 98.86 98.37

8
MAT002 98.97 99.07 98.63

RA.MAT002.HG002 99.00 99.24 99.31

X
MAT002 99.40 99.29 100

RA.MAT002.HG002 99.25 99.35 99.35

Table 3.12: CRAQ report on assembly coverage and errors obtained using short Illumina reads

(illuminaHG002, ∼13.5× coverage) and PacBio HiFi reads (hifiHG002, ∼66× coverage) on hu-

man Chromosomes 19, 8, and X from the maternal HG002 assembly (MAT002) and RAmbler

(RA.MAT002.HG002); numbers in bold indicate the best scores
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Figure 3.13: Synteny plots of RAmbler’s assembly against T2T-CHM13.v2.0 (T2T) and the

maternal HG002 assembly (MAT002) on human Chromosomes 19, 8, and X using SyRI; (A)

Synteny plots between RA.T2T.CHM13 (blue), and T2T (orange); (B) Synteny plots between

RA.MAT002.HG002 (blue) and MAT002 (orange)
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Centromere
Input HiFi Reads

Coverage
Time Memory

Assembly Sample (hours) (GB)

8

T2T CHM13 32.4× 0.84 31.71

MAT002 HG002 66× 2.42 45.66

HG38

HG002 67.5× 4.65 57.80

HG00733 32.8× 1.18 33.61

HG01346 26× 1.25 43.02

X

T2T CHM13 34× 2.45 39.67

MAT002 HG002 33× 2.28 40.47

HG38

HG002 32.2× 1.88 44.32

HG00733 31.8× 6.52 58.38

HG01346 25.5× 4.69 48.46

Table 3.13: Time and memory usage for RAmbler for the reconstruction of the centromeres of

Chromosome 8 and X
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Figure 3.14: Dotplot of contigs longer than 5 Mb produced by hifiasm using PacBio HiFi reads;

(A) SRA accession ERR6210723 (∼50× coverage), and (B) SRA accession CRR302668 (∼100×

coverage) using the TAIR10.1 assembly as reference

3.5.2 Experimental Results on Arabidopsis thaliana

We tested RAmbler on real data for A. thaliana, using the TAIR10.1 reference genome and PacBio

HiFi reads. RAmbler detected repetitive regions in Chromosomes 2, 3, 4, and 5, which are well-

known [24, 130, 52, 92].

When we assembled the whole genome with hifiasm and LJA using two different sets

of HiFi reads (SRA accessions ERR6210723 with ∼50× coverage and CRR302668 with ∼100×

coverage) both failed to assemble these repetitive regions (see Figure 3.14).

We focused on three centromeric repetitive regions in Chromosome 5. The three NucFreq

plots in Figure 3.15 illustrate the mapping coverage in these repetitive regions. RAmbler estimated

the first tandem repeat to be composed of 45 copies of a 4.5 kb unit, the second to be 4 copies of a

11.35 kb unit, and the third to be 75 copies of a 10.45 kb unit (Table 3.15, columns 2 and 3).

89



Chromosome 5: 11,165 kb-11,210 kb

Chromosome 5: 11,300 kb-11,350 kb

Chromosome 5: 11,690 kb-11,720 kb

Figure 3.15: PacBio HiFi mapping coverage (SRA accession ERR6210723) for Chromosome 5 in

A. thaliana illustrated using NucFreq; the coverage spikes indicate the presence of repetitive regions

Reads mapping to these three repetitive regions (including 50 kb upstream and down-

stream) from both SRA accessions ERR6210723 and CRR302668 were given as inputs to RAmbler,

hifiasm, LJA, HiCANU, and Verkko. Table 3.14 reports the number of contigs, total assembly size,

and the length of the longest contig for each run of all assemblers. Observe that RAmbler produces

assemblies with (i) the fewest contigs in most cases, (ii) the longest contig is longer than those gen-

erated by other assemblers, and (iii) the total assembly size closely matches the expected assembly

size. hifiasm closely follows RAmbler in these metrics. Although LJA produces the fewest contigs

in all cases, it significantly over-compresses the assembly, resulting in a total size that deviates con-

siderably from the expected assembly size. Both HiCANU and Verkko generate very fragmented

assemblies and over-inflate the total assembly size. HiCANU failed to complete the assembly even
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Accession Coverage
Repetitive region # Selected Selected reads Expected Assembler

start (Mb) end (Mb) reads sum (Mb) size (Mb) RAmbler hifiasm LJA HiCANU Verkko

ERR6210723 50×

11.165 11.210 2,627 41.642 0.833

# contigs 2 2 1 10 3

Total (bp) 797,754 801,770 797,803 1,000,811 812,947

Longest contig 736,535 740,551 797,803 793,849 736,533

11.300 11.350 379 5.876 0.118

# contigs 5 4 1 5

N/ATotal (bp) 190,879 155,220 84,893 166,018

Longest contig 84,898 84,897 84,893 84,234

11.690 11.720 1,531 23.821 0.476

# contigs 7 19 3 20 31

Total (bp) 508,321 754,782 273,474 736,544 884,083

Longest contig 125,800 125,800 106,364 124,464 106,199

CRR302668 100×

11.165 11.210 6,524 99.726 0.997

# contigs 1 1 1

-

10

Total (bp) 802,698 802,698 799,690 933,944

Longest contig 802,698 802,698 799,690 712,440

11.300 11.350 721 10.687 0.107

# contigs 3 5 1 7 13

Total (bp) 99,045 192,442 89,571 214,294 327,792

Longest contig 54,704 89,577 89,571 86,657 54,705

11.690 11.720 5,175 78.302 0.783

# contigs 6 24 7 21 47

Total (bp) 493,659 1,090,173 341,226 726,310 1,166,414

Longest contig 196,786 196,787 108,554 105,995 108,546

Table 3.14: Assembly statistics for RAmbler, hifiasm, LJA, HiCANU and Verkko on three cen-

tromeric repeats in Chromosome 5 of A. thaliana using TAIR10.1 as input assembly; Symbol ‘-’

means that the assembler timed out after 48 hours, ‘N/A’ means that the assembler finished execu-

tion with no output

after 48 hours in one instance, while Verkko finished execution without producing any output in

another instance.

Table 3.15 shows the number of contigs along with the number of repeat copies recon-

structed by RAmbler, hifiasm, LJA, HiCANU, and Verkko using the HiFi reads from SRA accession

ERR6210723.

On the first 45-copy tandem repeat, both RAmbler and hifiasm generated two contigs,
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Repetitive region
Expected RAmbler hifiasm LJA HiCANU Verkko

unit size # copies # contigs # copies # contigs # copies # contigs # copies # contigs # copies # contigs # copies

11165 kb-11210 kb 4.5 kb 45 2 44 2 0 1 0 10 0 3 0

11300 kb-11350 kb 11.35 kb 4 5 4 4 1 1 1 5 1 N/A N/A

11690 kb-11720 kb 10.45 kb 75 7 72 19 0 3 0 20 0 31 0

Table 3.15: Repeat resolution statistics for RAmbler, hifiasm, LJA, HiCANU and Verkko on real

HiFi reads (SRA accession ERR6210723) for three repeats of A. thaliana in Chromosome 5; Hi-

CANU required more than 40 hours to complete all these assemblies and Verkko failed to generate

outputs in one case

LJA created a single contig, HiCANU produced ten contigs, and Verkko produced three contigs.

We aligned these assemblies against the repeat unit extracted from the reference genome using

minimap2. The dotplot confirmed 44 copies for RAmbler (dotplot not shown). The assembly

produced by hifiasm, LJA, HiCANU and Verkko did not align well against the repeat unit thus

resolving zero copies (dotplots not shown).

On the second centromeric four-copy tandem repeat, both RAmbler and HiCANU gener-

ated assemblies with five contigs, LJA produced a single contig and hifiasm created four contigs.

Verkko did not generate any output. The evaluation with minimap2 and dot plot revealed that RAm-

bler resolved all four copies, while hifiasm, LJA, and HiCANU resolved only a single copy of the

repeat (dotplots not shown).

On the third, and most challenging, 75-copy tandem repeat, RAmbler, hifiasm, LJA, Hi-

CANU, and Verkko generated assemblies with 7, 19, 3, 20, and 31 contigs, respectively. When we

aligned these contigs against the repeat unit using minimap2, the dot plot revealed that RAmbler

successfully resolved 72 copies, while all the others failed to resolve any copy (dotplots not shown).
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3.6 Discussion

The extensive set of experiments on human Chromosomes 8, 19, and X across centromeric and

non-centromeric complex repetitive regions demonstrated RAmbler’s ability to achieve T2T-level

assembly quality using PacBio HiFi reads exclusively, without manual intervention. Our compar-

ative experimental results on more than 250 synthetic data sets, and on real data for H. sapiens

and A. thaliana, indicated that RAmbler outperformed hifiasm, LJA, HiCANU, and Verkko on re-

constructing these repetitive regions in the majority of cases. RAmbler generated assemblies with

the fewest contigs, achieving higher completeness, contiguity, and accuracy in them. Our analy-

sis of synthetic diploid genomes with haplotype-dependent copy number illustrated that RAmbler

can produce less fragmented assemblies with fewer haplotype switching errors compared to LJA,

HiCANU, and Verkko by relying exclusively on HiFi reads. hifiasm performed comparably to

RAmbler on synthetic data sets with fixed-length repeat units and copy number variation between

the haplotypes, but its performance declined with variable-length repeats and further deteriorated on

real datasets. LJA also performed well, producing assemblies with a low number of contigs, second

only to RAmbler on synthetic data. However, LJA performed poorly on contiguity when the region

to be assembled was longer than 1 Mb on real data. HiCANU and Verkko generated assemblies with

a large number of contigs. Although HiCANU and Verkko rarely produced misassembled contigs,

they suffered from poor contiguity, creating many small contigs and inflating the total assembly

size. Additionally, there were instances where HiCANU failed to complete the assembly on real

datasets. Similarly, Verkko failed to generate an assembly in two separate instances of H. sapiens

dataset and majority cases of synthetic diploid genomes.
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Chapter 4

Towards Optimal Selection of

Ultra-Deep Sequencing Reads for De

Novo Genome Assembly

4.1 Introduction

A practical issue that has been largely unexplored in de novo genome assembly is how to deal with

too much sequencing data. It is common knowledge that a sequencing depth of 30-50× is ideal

to obtain a complete and highly contiguous assembly from PacBio HiFi reads [136]. It is also

known that a sequencing depth lower than 30× can degrade assembly contiguity [96]. It is not

well understood, however, what the consequences on the genome assembly quality are when the

sequencing depth is much higher than 50×. This is the subject of this study.

Taking this scenario to the limit, the problem of assembling ultra-deep sequencing data
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(i.e., sequencing depth higher than 1,000×) has been largely unexplored. Ultra-deep sequencing

data is not uncommon. Illumina ultra-deep sequencing has been used for detecting rare mutations

causing cancer [71], for studying subclonal structures in cancer [18, 71], for sequencing viruses

[18, 11, 42, 84] and organelle genomes [38, 5]. A few studies addressed the problem of genome

assembly for ultra-deep Illumina data [80, 89]. Here we address the problem of assembling ultra-

deep PacBio HiFi sequencing data for the first time.

Due to its higher cost, ultra-deep PacBio HiFi is not as common as ultra-deep Illumina

data. However, it can occur when attempting to assemble small genomes. For instance, in [119, 120]

the authors encountered major challenges while assembling the genomes of various Babesia species

from ultra-deep HiFi sequencing data, which is a tick-borne pathogen responsible for babesiosis in

humans and cattle. They observed that in the presence of “excessive sequencing coverage”, current

state-of-the-art assemblers like hifiasm [26] and HiCANU [96] produced unsatisfactory assemblies.

Their solution to reduce the sequencing depth was to select the longest 150 thousand reads out of the

2.7 M PacBio HiFi reads [120]. We will show here that selecting the longest reads is not necessarily

the best strategy to obtain the best assembly. We will also show that selecting the subset of reads that

have the best average Phred quality values does not lead to good assemblies. Two tools have been

proposed in the literature for this problem. YAK assesses the quality of HiFi reads by comparing

their k-mer distribution to that of short reads (if available) [2]. Note that YAK is used within hifiasm

for trio-binning when parental short reads are provided [26]. Filtlong scores long reads based on

their length and the percentage of their bases that match a reference sequence or a set of high-quality

short reads [1]. It can be used for ranking reads by quality and retaining the best-scoring subset.

Thus, filtlong attempts at reducing data volume while preserving the most informative reads.
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Figure 4.1: Running hifiasm on (1) subset of reads selected at sequencing depth of 300× with

uniform SLICES and (2) RANDOM sets at 300× (from a set of real HiFi read with sequencing

depth of 3000×) for the genome of B. divergens MO1; (top) length of the three longest assembled

contigs produced by hifiasm; (bottom) number of assembled contigs produced by hifiasm
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Figure 4.2: Running hifiasm on subset of reads selected using various strategies and sequencing

depths from a set of real HiFi read with sequencing depth of 3000× for the genome of B. divergens

MO1; (top) length of the three longest assembled contigs produced by hifiasm; (bottom) number of

assembled contigs produced by hifiasm
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Here we propose a read selection strategy based on the frequency of rare k-mers in the

reads. In the last 15 years, several studies have used single-copy or rare k-mers for the assembly

or the alignment of repetitive genomic regions such as centromeres and segmental duplications.

The first use of single-copy k-mers dates to 2010 [122]. In their paper, Sudmant et al. define the

notion of a singly unique nucleotide (SUN) and used it to provide accurate estimates of copy number

variation and multi-copy genes in the human genome. Ten years later, the same group developed a

method to assemble human chromosome 8 by exploiting the use of single-copy k-mers to resolve

complex repetitive regions in its centromere [79]. A recent study resolved several repeats in human

chromosomes 8, 19, and X by utilizing single-copy k-mers [22]. CentroFlye [16] also used rare

k-mers to classify reads that belong to the repetitive regions. The same group used the idea of using

rare k-mers for the problem of mapping long reads accurately in the presence of repeats [88, 15, 17].

To the best of our knowledge, single-copy k-mers have not been used for read selection in the context

of de novo genome assembly in the presence of ultra-deep sequencing data.

As said, in this thesis we address the optimal read selection problem, that is the problem

of selecting the subset of ultra-deep sequencing reads that can generate the best assembly (in terms

of contiguity and completeness). We propose a novel technique called AWinK (Adaptive Window-

based read selection using UniKmers) to optimally select reads using single-copy k-mers from ultra-

deep sequencing data that can produce a highly contiguous and complete assembly [23]. In AWinK,

we (i) extract single-copy k-mers from the ultra-deep sequencing reads, (ii) barcode the reads based

on the presence of single-copy k-mers, (iii) bin the barcoded reads based on the frequency of single-

copy k-mers, (iv) select reads from each bin to meet the desired target coverage, and (v) assemble

the selected reads.
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4.2 Preliminary Analysis

First, we demonstrate the difficulty of assembling a genome from ultra-deep sequencing reads. We

used real HiFi reads for the genome of B. divergens MO1 that have a sequencing coverage of about

3000× (assuming a genome of 10 Mb) [120]. We first attempted to assemble this dataset with both

hifiasm [26] and HiCANU [96]. HiCANU warned us of “excessive coverage” and selected reads

arbitrarily to reduce the amount of data to 200×. After running for three days, hifiasm crashed

due to a lack of memory, despite having 512 Gb on the server. We should note that hifiasm can

easily complete the assembly of a 300× subset of the data in a few minutes. The author of hifiasm,

Dr. Haoyu Cheng, confirmed that in the presence of ultra-deep data, hifiasm is likely to get stuck in

the error-correction phase.

Since running hifiasm and HiCANU on the entire dataset was not an option, the next

step was to evaluate how they would perform on various samples. We explored several options to

sample the reads: (i) break the dataset into equal-sized slices by maintaining the order of the reads

in the original file (called SLICES in Figure 4.1), (ii) select a random sample (RANDOM at 300×

in Figure 4.1), (iii) select random samples (RANDOM) at variable coverage depths in Figure 4.2,

(iv) select reads with the highest average Phred quality scores (QV in Figure 4.2), (v) select reads

with the highest YAK scores [2] (YAK in Figure 4.2), (vi) select the longest reads (LONGEST in

Figure 4.2). Then, we assembled each subset of reads with hifiasm using the default parameters.

The x-axis in both histograms in Figures 4.1 and 4.2 reports the strategy used to select the reads

and the corresponding sequencing depth in parentheses. The top histograms show the length of

the longest assembled contig, the second longest contig, and the third longest contig. The bottom
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histograms show the number of contigs produced by hifiasm on the same set of reads.

The results in Figures 4.1 and 4.2 show highly variable assemblies, even though all of

them had sufficient coverage to produce a “good” assembly. In particular, in Figure 4.1, (i) on

the ten consecutive slices, the length of the longest contig ranged from 3.8 Mb to 7.6 Mb, while

the number of contigs ranged from 12 to 26; (ii) random samples of 300× showed a similar vari-

ance in the number of contigs; in Figure 4.2, (iii) on random samples at different coverage depths

{50×, 100×, 150×, 200×}, the length of the longest contig ranged from 2.8 Mb to 7.9 Mb, (iv)

selecting reads based on quality values also gave unpredictable results; for instance, the assembly

for the top 250K reads had 54 contigs, while the assembly for the top 200K reads had 18 contigs; (v)

YAK-score based read selection also showed similar variability in their assemblies; (vi) the number

of contigs increased (instead of decreasing) as we provided more and more of the longest reads to

hifiasm. The counter-intuitive message is that more HiFi data does not lead to better assemblies.

Similar observations were reported many years ago on the assembly of ultra-deep Illumina data

using Velvet [139] and SPAdes [9] in [80]. In that latter study, the authors also observed that the

assembly quality improved as the sequencing depth increased, up to a certain point (about 800× for

Illumina reads using Velvet), then started to degrade.

4.3 Methods

4.3.1 Problem Formulation

Given a set T of ultra-deep sequencing reads sequenced for an unknown G, the objective is to select

T ′ ⊂ T such that the genome G′ generated by assembling T ′ is as close as to G with respect to
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Figure 4.3: Problem formulation. Given a dataset of ultra-deep sequencing reads (top), AWinK

selects a subset of reads that when given to hifiasm, it will produce a contiguous and complete de

novo assembly (bottom); if the positions of the reads were known, the minimum tiling path (MTP)

is the smallest subset of the reads that can be assembled to a complete genome (middle)

accuracy, contiguity, and completeness. Observe that if we knew the location of each read r ∈ T in

the genome G, we could select the optimal read set Topt ⊂ T by finding the minimum tiling path

(MTP) of the reads (more details in Section 4.3.2). However, since G is unknown, we do not know

the genomic location of the reads. Below we propose a heuristic that can approximate Topt using

single-copy k-mers (henceforth called unikmers). Figure 4.3 illustrates the problem, where Topt is

in the middle and the sub-optimal T ′ is at the bottom.

As said, the objective is to obtain the highest quality genome G′ from the selected reads

T ′. On synthetic reads (i.e., when the ground truth G is known), one can measure the differences

between G′ and G in terms of contiguity or completeness. On real data sets (i.e., when the ground

truth G is unavailable), an assessment of the contiguity and completeness of G′ can be obtained

only by comparing G′ to a genome map, e.g., a genetic, physical, or optical map for G.
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Figure 4.4: The length of the six longest contigs produced by hifiasm on a subset of reads selected

(i) at random (200× coverage), (ii) with best average QV (200×), (iii) with longest (200×), and

(iv) produced by the “oracle” at 5×, 10×, and 20× coverage selected from a set of PBSim synthetic

HiFi reads with a sequencing depth of 1000× for the genome of C. elegans (contig1 is chromosome

V); numerical values are available in Table 4.1

4.3.2 Optimal Selection

In this section, we attempt to address the following question: what is the quality of the best possible

assembly if one had access to the position of the reads in the unknown genome? Here we assume that

there exists an “oracle” that has that knowledge. If the oracle existed, the optimal selection problem

could be solved by the following steps. Let D be the desired sequencing depth for Topt. First, (i)

represent each read by an interval [i, j], where i is the start position and j is the end position of that

read in the genome; (ii) remove any interval that is completely contained in other intervals; (iii) build
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Assembly contig1 contig2 contig3 contig4 contig5 contig6 # of contigs Total length (bp)

Reference 20,924,180 17,718,942 17,493,829 15,279,421 15,072,434 13,783,801 7 100,286,401

Random (200×) 18,416,632 17,718,798 17493,796 15279214 15072421 13,783,719 9 100,285,249

QV: best (200×) 18,379,014 17,718,881 17,493,792 15,279,304 15,072,395 13,783,687 9 100,239,133

Longest (200×) 18,389,640 17,718,888 17,493,256 15,279,172 15,072,425 13,783,562 8 100,216,292

oracle (5×) 35,032,850 23,002,036 15,273,332 13,406,979 3,983,934 1,667,497 8 92,427,632

oracle (10×) 20,815,879 17,718,653 17,493,341 15,279,162 15,072,238 13,775,179 7 100,188,613

oracle (20×) 20,816,019 17,718,829 17,493,548 15,279,162 15,072,238 13,783,620 7 100,198,975

Table 4.1: The length of the six longest contigs, number of assembled contigs and the total assembly

length produced by hifiasm on a subset of reads selected (i) at random (200× coverage), (ii) with

best average QV (200×), (iii) with longest (200×), and (iv) produced by the “oracle” at 5×, 10×,

and 20× coverage selected from a set of PBSim synthetic HiFi reads with a sequencing depth of

1000× for the genome of C. elegans (contig1 is chromosome V)

Figure 4.5: Dot plots comparing three hifiasm assemblies to the C. elegans reference genome using

a subset of reads produced by the “oracle” at 5×, 10×, and 20× coverage selected from a set of

PBSim synthetic HiFi reads with a sequencing depth of 1000×
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an interval graph, in which each node is an interval and there is an edge between two nodes if the

corresponding intervals overlap by at least mo (here we have used mo = 100 bp); (iv) find a shortest

path from the first interval (which corresponds to the 5’ end of a chromosome) to the last interval

(which corresponds to the 3’ end of a chromosome) of this unweighted interval graph. Observe that

each shortest path will provide about 1× of sequencing depth using the minimum number of reads

(thus implicitly favoring longer reads). The reads on the shortest path, which represent a minimum

tiling path of the chromosome, can be (v) added to the set Topt (initially empty), (vi) then removed

from the interval graph. By repeating steps (iv-vi) D times, Topt will end up with a sequencing

depth approximately equal to D.

We have tested this strategy on the C. elegans genome, which is about 100 Mb and has

five chromosomes, one X chromosome, and one mitochondrial genome. We generated 1000× HiFi

reads with PBSim [97] with the CCS model, then produced assemblies from subsets of reads ob-

tained by the following selection strategies: (i) randomly selected reads – 200× coverage, (ii) high-

est average QV – 200× coverage, (iii) longest reads – 200× coverage and (iv) oracle-based at 5×,

10×, and 20× coverage. As shown in Figure 4.4, even at 10× coverage of reads, the hifiasm as-

sembly of oracle-selected reads matched almost perfectly the reference genome (see the dot plots

in Figure 4.5), while the assemblies obtained from selection strategies (i-iii) produced incorrect as-

semblies (e.g., observe the shorter length of contig1 for Random, QV, and Longest in Figure 4.4).

This experiment seems to indicate that the oracle-based selection strategy can produce subsets of

reads that will lead to very high quality assemblies. However, the oracle does not exist when the

genome is unknown. Our objective is to find a way to “approximate” the interval graph without

knowing the locations of the reads.
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4.3.3 Analysis of Unikmer Distribution

The key idea of our approach is to take advantage of unikmers to select subsets of ultra-deep

sequencing reads. Since unikmers occur only once in the genome, it would seem that selecting

the subset of reads that cover all the unikmers could approximate the minimum tiling path. This

would be true if the distribution of unikmers was somewhat uniform and sufficiently high across the

genome. However, when we analyzed the frequency of unikmers across the genome of C. elegans

we discovered that it was not the case. Figure 4.6 illustrates such frequency distribution (y-axis) in

20 kpb non-overlapping sliding windows (x-axis) across the six chromosomes of C. elegans. While

the average density is about 9,200 unikmers per 20 kbp, it peaks at 16,117 unikmers per 20 kbp

but bottoms out with a minimum of zero unikmers. For example, there is a 140 kbp region in chro-

mosome V of C. elegans at coordinates [2.34,2.48] Mbp that has no unikmers. This indicates that

selecting the subset of reads that cover all unikmers would not cover the entire genome.

Based on these observations, we formulated the following refined selection criterion: se-

lect a subset of reads in a way that would maintain the overall distribution of unikmers. To test our

selection criterion, we analyzed the unikmer distribution on a dataset of synthetic HiFi reads gener-

ated by PBSim [97] for C. elegans at 1000× coverage. Observe in Figure 4.7 that (i) the frequency

of reads with a given number of unikmers follows a positively-skewed normal distribution (its mean

is approximately 9,727), and (ii) there is an out-of-distribution spike at the beginning of the plot

where there are a large number of reads with very few unikmers (≤ 5). For instance, we counted

about 4,000 reads with no unikmers. Obviously, one expects that the distribution of unikmer in the

reads matches the distribution of unikmer in the genome, only “amplified” by the depth of coverage.
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Figure 4.6: The frequency distribution of unikmers in 20 kbp non-overlapping sliding windows

across the six chromosomes of C. elegans
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Figure 4.7: The frequency distribution of unikmers in a data set of synthetic HiFi reads at 1000×

coverage for C. elegans

4.3.4 AWinK’s Algorithm

Based on the analysis of the unikmer distribution in C. elegans and the synthetic ultra-deep se-

quencing reads in the previous section, we propose to approximate the optimal selection problem

by choosing reads in a way so their unikmers frequency distribution mirrors the distribution of the

entire ultra-deep dataset (as shown in Figure 4.7). The selected reads are intended to capture ge-

nomic regions with all possible unikmer density, including regions with no or very few unikmers,

thus maximizing the overall genome coverage. Our adaptive-window selection technique called

AWinK is illustrated in Figure 4.8 and explained next. Users are expected to choose the desired

target coverage depth Dt for the selected reads T ′ ⊂ T .

A. Extract unikmers. AWinK uses Jellyfish [85] on the reads T to obtain the count distribution of

k-mers genome-wide. Next, it calculates the mean µu and standard deviation σu of the distribution.
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Figure 4.8: The algorithmic pipeline used in AWinK

AWinK excludes k-mers that appear less than five times because these are most likely induced

by sequencing errors. Then, it selects the k-mers that have a frequency within the interval [µu −

tσu, µu + tσu]. According to [21, 22], if k = 21 and t = 3, the k-mers within that interval are

single-copy k-mers with high probability (Figure 4.8, step A).

B. Barcode reads. AWinK searches for exact occurrences of the unikmers in the reads T or their

reverse complement. We call the set of unikmers in a read r (and their location) the barcode of r.

The barcode is stored as a list of pairs (u, j), where u is a unikmer in r and j is the location of u

within r (see Figure 4.8, step B).

C. Assign reads to bins. In this step, AWinK assigns barcoded reads to bins based on their

number of unikmers. First, it calculates the mean µc and standard deviation σc of the distribution

of unikmers (reads containing up to 50 unikmers are excluded to avoid the out-of-distribution spike
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which would bias the estimate for µc and σc). Given a read r that has c unikmers, (i) when 0 ≤ c ≤

5, r is assigned to an individual c-th bin, (ii) if c > µc+3σc, r is assigned to a single high-frequency

bin, (iii) if 5 < c ≤ µc + 3σc, r is assigned to a bin using the method described next. The capacity

of each bin is lower bounded by a target coverage ratio D/s where D is the coverage depth of T

and s is a scaling factor. First, AWinK creates a new bin and it assigns reads with c > 5 to it until

the target coverage ratio D/s is reached. If the target coverage is reached before all reads with the

current unikmer count are added to the current bin, the remaining reads with that unikmer count

are assigned to the current bin as well. This ensures that reads with the same unikmer count c are

always placed in the same bin and never split across different bins. AWinK then creates a new bin

and assigns reads with the next higher unikmer count to it until all the remaining reads are assigned

to their respective bins. (Figure 4.8, step C)

D. Select reads. AWinK constructs the set T ′ as follows. It first selects all reads from the high-

frequency bin, defined as those with unikmer counts c > µc + 3σc. Assuming that these reads

provide a coverage depth D′, AWinK takes additional reads to account for (Dt − D′)/D bases

from each of the remaining bins. Within each bin, reads are chosen in descending order of length.

This phase begins with the 0-th bin which contains reads with no unikmers and proceeds sequen-

tially through bins with progressively higher unikmer counts, excluding the high-frequency bin.

(Figure 4.8, step D)

E. Assemble reads. The selected reads T ′ with coverage depth Dt are assembled using hifi-

asm [26]. (Figure 4.8, step E)
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Parameter Value Parameter Value

Mean read length 11,500 Mean read accuracy 0.999

Standard deviation of read length 3,500 Standard deviation of read accuracy 0.001

Minimum read length 100 Minimum read accuracy 0.990

Maximum read length 50,000 Maximum read accuracy 1.000

Table 4.2: PBSim’s parameters and their optimal values

4.4 Experimental Setup

4.4.1 Synthetic Data Generation

We used PBSim [97] to generate synthetic HiFi reads. PBSim depends on eight user-defined pa-

rameters. To find the values that best simulate real HiFi reads, we used the YAK scores and the

read lengths as evaluation metrics. We also used real HiFi reads with coverage depth 3,000× for the

genome of B. divergens MO1 as the “ground truth.” For each set of parameter values, we generated

synthetic HiFi reads using PBSim on the CCS model with read coverage of 3,000× for B. divergens

MO1 and 1,000× for C. elegans. PBSim synthetic HiFi reads had the highest similarity with the

real HiFi reads (on the basis of YAK scores and read lengths) for the parameter values provided in

Table 4.2. These were the parameters used in the experiments in Section 4.5.1.

4.4.2 Performance Metrics

When the reference genome was available, we measured the quality of the assembly G′ by com-

paring its contiguity and completeness against the reference genome G. We recorded the total

110



assembly size, and the number and the size of each contig in G′. We also used QUAST [48] and

minimap2 [75] to compare G′ to G, and recorded the genome fraction, NG50 and NGA50 reported

by QUAST and the sequence identity reported by minimap2. In the ideal case, the contig sizes of

G′ should be equal to the size of the chromosomes in G, the number of contigs should be equal to

the number of chromosomes in G, the genome fraction and the sequence identity should be 100%.

We used these metrics to compare the hifiasm assemblies produced from reads selected by various

strategies, namely AWinK, highest QV, best YAK score, longest, and best Filtlong score.

When the reference genome was unavailable (i.e., when assembling the genome of a new

species), we assessed contiguity and completeness by comparing G′ to a genome map. For our

experiments on the genome of B. divergens MO1, we evaluated the assembly using an optical map.

4.5 Result Analysis

4.5.1 Experimental Results on Synthetic Data

To generate synthetic data, we chose the assembly WBcel235 for C. elegans as the ground truth.

We recall that the genome of C. elegans is about 100 Mb and has six chromosomes (five autosomes

and one sex chromosome) and one mitochondrial genome.

We carried out the following experiment. (i) We generated a set of ultra-deep HiFi reads

at coverage depth D = 1000× from WBcel235 using PBSim, (ii) we selected subsets of reads at

coverage depth {20×, 25×, 30×, 35×, 40×, 45×, 50×, 100×, 150×, 200×} using AWinK (by

setting the scaling factor s to 10,000 we ensured that the lower bound on the capacity of each bin

was D/s = 0.1×, as explained in Section 4.3.4 Step C), (iii) we assembled each subset of selected

reads using hifiasm with the default parameters. Figure 4.9 shows the size of the six longest contigs
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on the top, and the number of contigs produced by each assembly on the bottom. The leftmost set of

bars in Figure 4.9 (top) are the sizes of the six chromosomes of C. elegans. Observe that when the

input reads had 20×-50× coverage, the contigs were shorter than the reference. The contigs reached

the correct sizes at 100× coverage. Adding more reads, however, seemed to degrade the quality of

the assembly. Similar observations were made on the number of contigs in Figure 4.9 (bottom). The

reference genome has seven contigs (six chromosomes and one mitochondrial genome). Between

20× and 30× coverage, hifiasm produces fragmented assemblies. The smallest number of contigs

was achieved at 50× coverage (for assembly statistics including coverage depths between 50× and

100×, see Table 4.3). However, by adding more reads, the number of contigs started to increase

quickly and reached a very high level of fragmentation at 200× coverage.

Figure 4.10 illustrates the genome fraction and the sequence identity of the assemblies

produced from the AWinK selected reads at various coverage depths. Since assemblies produced

from reads selected by AWinK at higher coverage depth (≥ 100×) were found to be highly frag-

mented, we analyzed the length distribution of contigs shorter than 50 kb and shorter than 100 kb.

Table 4.4 shows that over 90% of these short contigs are indeed unassembled HiFi reads. To avoid

over-inflating the genome fraction and sequence identity statistics, in the following analyses we have

considered only contigs longer than 100 kb. Observe that at 20× coverage, both genome fraction

and sequence identity were not good. The genome fraction, however, was almost perfect already at

25× coverage and remained that high throughout. The sequence identity value kept improving until

60× coverage and stayed that way until 150× coverage. The assembly at 100× coverage achieved

the highest sequence identity of 100%. Adding more reads started to degrade the sequence iden-
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Figure 4.9: Length of the six longest assembled contigs (top) and number of assembled contigs

(bottom) produced by hifiasm on subset of reads selected by AWinK at different sequencing depths

from synthetic HiFi reads with sequencing depth of 1,000× for the genome of C. elegans; numerical

values are available in Table 4.3
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Assembly contig1 contig2 contig3 contig4 contig5 contig6 # of contigs Total length (bp)

Reference 20,924,180 17,718,942 17,493,829 15,279,421 15,072,434 13,783,801 7 100,286,401

20× 14,353,301 10,245,828 9,636,687 9,618,046 8,864,646 8,439,682 64 94,317,956

25× 14,842,596 14,353,669 12,142845 10,579,969 8,345,395 8,066,091 39 100,062,442

30× 17,492,666 14,353,670 10,983157 9,582,624 9,535,291 8,345,394 25 100,130,912

35× 17,718,886 17,492,967 13,232487 12,142,865 11,008,444 10,522,223 19 100,166,017

40× 18,389,194 17,718,886 17,492965 13,232,438 12,154,690 11,009,585 18 100,244,671

45× 18,389,193 17,718,886 17,493058 15,071,354 11,977,560 11,113,608 18 100,435,205

50× 18,460,696 17,718,888 17,493086 15,276,212 15,071,363 11,977,763 16 100,481,717

60× 18,389,436 17,701,132 17,493086 15,276,206 15,071,359 13,781,138 37 101,063,716

70× 18,389,436 17,710,003 17,493057 15,276,213 15,071,359 13,783,520 93 102,553,110

80× 18,389,641 17,718,525 17,493057 15,252,239 15,071,357 13,783,727 109 102,668,652

90× 18,389,641 17,708,807 17,490415 15,276,211 15,071,357 13,783,727 98 102,153,158

100× 20,774,037 17,707,649 17,493695 15,276,312 15,071,358 13,783,791 189 104,474,733

150× 19,800,194 17,711,149 17,488195 15,276,393 15,062,976 13,783,793 414 109,417,601

200× 17,718,525 17,488,195 15,276394 15,063,184 13,783,791 11,299,277 641 115,281,081

Table 4.3: Length of the six longest assembled contigs, number of assembled contigs and the total

assembly length produced by hifiasm on subset of reads selected by AWinK at different sequencing

depths from synthetic HiFi reads with sequencing depth of 1000× for the genome of C. elegans
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Depth # of contigs
Length < 50 kb Length < 100 kb

# of contigs (%) avg. length (bp) # of contigs (%) avg. length (bp)

100× 189 175 (92%) 21,730.80 183 (97%) 23,868.30

150× 414 390 (94%) 21,213.00 407 (98%) 22,919.10

200× 641 601 (94%) 21,588.30 630 (98%) 23,516.70

Table 4.4: Average length of short contigs produced by hifiasm on subset of reads selected by

AWinK at sequencing depths = {100×, 150×, 200×} from synthetic HiFi reads with sequencing

depth of 1000× for the genome of C. elegans

tity. Figure 4.11 illustrates the NG50 and NGA50 scores for the same set of assemblies where we

observed a similar trend in assembly quality with respect to the read coverage depth.

Figure 4.12 compares the performance of AWinK to the other selection strategies, namely

best average QV scores, best YAK scores, longest, and best Filtlong scores at coverage depths

{20×, 30×, 40×, 50×, 100×}. Observe that the contig sizes varied unpredictably with increasing

coverage, similar to what we have presented in Section 4.2. The assemblies that best matched the

reference were QV 20×, QV 40×, Filtlong 20×, and AWinK 100×.

Table 4.5 shows the genome fraction, sequence identity, NG50 and NGA50 of the various

selection strategies. Observe that even though AWinK produced a higher number of contigs, it

achieved the highest sequence identity among all while maintaining a comparable genome fraction.
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Figure 4.10: The genome fraction and the sequence identity of the assemblies produced by running

hifiasm on various subset of reads selected by AWinK at different coverage depths from a set of

PBSim simulated HiFi data with sequencing depth of 1,000× for the genome of C. elegans

Figure 4.11: NG50 and NGA50 of the assemblies produced by running hifiasm on various subset

of reads selected by AWinK at different coverage depths from a set of PBSim simulated HiFi data

with sequencing depth of 1,000× for the genome of C. elegans
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Figure 4.12: Length of the six longest assembled contigs (top) and number of assembled contigs

(bottom) produced by hifiasm on subset of reads selected by different strategies and coverage depths

from a set of PBSim simulated HiFi data with sequencing depth of 1,000× for the genome of C.

elegans
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Method Depth
Performance metrics

Genome fraction (%) Seq. identity (%) NG50 NGA50

SLICES
50× 99.915 99.806 17,493,698 17,493,698

100× 99.941 99.806 17,493,661 17,493,649

RANDOM
50× 99.859 99.906 17,493,493 17,493,493

100× 99.910 99.764 17,493,731 15,279,061

QV
50× 99.904 99.904 17,492,865 17,492,865

100× 99.914 99.807 17,493,621 17,493,621

YAK
50× 99.876 99.753 17,493,202 15,274,813

100× 99.895 99.761 17,493,202 15,276,768

Longest
50× 99.903 99.818 17,492,955 17,492,955

100× 99.906 99.821 17,492,985 17,492,985

Filtlong
50× 99.924 99.924 17,492,983 17,492,983

100× 99.926 99.926 17,493,188 17,493,188

AWinK
50× 99.975 98.088 17,493,086 17,493,086

100× 99.905 99.994 17,493,695 15,276,312

Table 4.5: Comparing the metrics for hifiasm assemblies produced by various read selection strate-

gies for C. elegans; numbers in bold indicate the best metric
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Figure 4.13: A visualization of the alignment between the three longest contigs of the hifiasm

assembly from AWinK selected reads at 50× coverage and the optical map for B. divergens MO1
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4.5.2 Experimental Results on Real Data

On this last set of experiments, we used real ultra-deep HiFi reads at D = 3000× coverage for the

genome of B. divergens MO1, obtained from [120]. The authors of [120] claim that B. divergens

MO1 has three chromosomes, but they are unsure about their sizes.

We carried out the experiments as follows. We used AWinK to select subsets of reads at

various coverage depths, namely {20×, 25×, 30×, 35×, 40×, 45×, 50×, 100×, 150×, 200×} (we

set the scaling factor s to 1000 to obtain a lower bound on the capacity of each bin to D/s = 3× as

explained in Section 4.3.4 Step C). Then, we assembled each subset of reads using hifiasm with its

default parameters.

To measure the quality of the assembly, we aligned the three longest contigs of each

assembly to the optical map molecules for B. divergens MO1, obtained from [120]. Figure 4.13

shows the alignment obtained using RefAligner. Observe that there is strong agreement between

the second hifiasm contig and the second optical molecule (labeled Chr2). However, the other two

contigs show lower levels of agreement with the optical molecules.

4.5.3 Runtime and Memory Usage

Table 4.6 summarizes the runtime and peak memory usage for assembling the B. divergens MO1

and C. elegans genomes from ultra-deep HiFi sequencing reads with coverage depths of 3000× and

1000×, respectively, using AWinK to select subsets of reads at target coverages of 50× and 100×.

For B. divergens MO1 (genome size ∼10 Mb), assembling the AWinK-selected reads

with hifiasm at 50× and 100× coverage takes approximately 3.5 hours and uses a peak of 30.62

GB of memory. For C. elegans (genome size ∼100 Mb, ∼10× larger), the same process takes
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Organism B. divergens MO1 C. elegans

Input HiFi read depth 3000× 1000×

Genome size ∼10 Mb ∼100 Mb

Target depth 50× 100× 50× 100×

Runtime (minutes)

Step A 3.06 56.12

Step B 169.15 650.4

Step C + D 18 62.56

Step E 10.32 25.97 47.7 134.45

Total 200.52 216.17 816.78 903.53

Peak memory usage (GB) 30.62 117.22

Table 4.6: Runtime and Peak memory usage for hifiasm assemblies produced by AWinK selected

reads of B. divergens MO1 and C. elegans for the target coverage depths of 50× and 100×

14–15 hours with a peak memory usage of 117.22 GB. Both runtime and memory for C. elegans

are about 3.5–4× higher than for B. divergens MO1, matching the ratio of the input ultra-deep HiFi

read volumes, indicating that AWinK scales linearly with input data size.

Notably, most of the runtime is consumed by Step B of AWinK, which performs read

barcoding. This step is currently single-threaded, and we are actively working to parallelize it to

improve runtime scalability.

4.6 Discussion

To the best of our knowledge, this is the first study that addresses the problem of de novo genome

assembly for ultra-deep sequencing HiFi reads. We are the first to report that current state-of-the-

art assemblers for HiFi reads (e.g., HiCANU and hifiasm) struggle when given in input ultra-deep
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sequencing data. This serious limitation motivates the study of the selection problem, i.e., how to

select a subset of the reads that would produce the most contiguous and complete assembly.

We have also shown here that if there was an “oracle” that knew the location of every read,

it would be possible to solve the selection problem optimally by choosing the reads on a minimum

tiling path that achieved the desired coverage. When we fed the reads on the minimum tiling path

into hifiasm, it produced an almost perfect assembly with a read coverage as low as 10×. Since

the oracle does not exist, we proposed to exploit single-copy k-mers (unikmers) to approximate the

minimum tiling path. Since unikmers occur only once in the genome, it would seem that selecting

the subset of reads that cover all the unikmers could approximate the minimum tiling path. We

discovered, however, that unikmers are not uniformly distributed across the genome, likely due to

the repetitive regions in the genome.

Our proposed heuristic called AWinK selects a subset of reads so that distribution of

unikmer frequency in the subset is as similar as possible as the distribution of unikmer to the whole

ultra-deep dataset. Our experiments on synthetic HiFi reads showed that the reads selected by

AWinK produced assemblies with good contiguity and completeness when the coverage was 50×-

100×. However, increasing the coverage beyond 100× degraded the assembly quality. Compared

to six alternative selection strategies, AWinK produced assemblies that had the highest sequence

identity and genome fraction when aligned to the reference genome. AWinK is the first attempt at

solving the read selection problem. The experimental results on synthetic reads show that there is

still a lot of work to do to better approximate the minimum tiling path.

122



4.7 Software Availability

AWinK is available from GitHub (https://github.com/sakshar/AWinK) and as Supplemental Code

in the Appendix B.
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Chapter 5

Collaborative Projects

5.1 Prediction of DNA Methylation with Long-Range State-Space Mod-

els

5.1.1 Introduction

DNA methylation is an epigenetic marker which involves the addition of a methyl group to cytosine

bases. It plays a critical role in regulating gene expression and other important cellular molecular

processes [61]. In vertebrates, DNA methylation is mostly found at cytosines that are followed

by a guanine, which is referred to as the CG context. In plants instead, methylation can occur at

cytosines in any context, i.e., CG, CHG, and CHH, where H={A,T,C} [123, 73, 35]. Methylation

patterns influence critical cellular processes such as stress responses, phenotypic plasticity, and

trait inheritance [140, 12]. The traditional method of identifying cytosine methylation involves

sequencing DNA after being treated with sodium bisulfite (BS-Seq). BS-Seq can be costly for

large eukaryotic genomes because the sequencing coverage has to be sufficiently deep to enable

124



one to determine the methylation levels with statistical confidence. Typically, 5-10 reads covering

a cytosine are necessary to reliably determine the methylation levels. Due to the non-uniformity

of Illumina sequence coverage, even if the average sequencing depth is higher than 10×, a small

but significant fraction of the cytosines will not have sufficient read coverage. Thus, there is a

need to develop computational methods to predict the methylation levels for some of the cytosines

either from the surrounding DNA sequence, or the methylation levels of nearby cytosines, or other

local epigenetic signals. The prediction of methylation from the primary DNA sequence is the most

convenient because it does not require any additional data or wet lab experiment, but it is also the

most computationally challenging due to complex sequence-context dependencies and long-range

interactions across the genome.

To address the need to impute the methylation levels for the cytosines with low sequencing

coverage, several deep learning methods have been proposed in the literature to predict the methyla-

tion status from the sequence or the methylation levels of nearby cytosines [137, 3, 41, 141]. These

methods include (i) CpGenie, which is a classifier based on a convolutional neural network (CNN)

[138], (ii) DeepCpG, which uses a CNN and recurrent neural network [6], (iii) AMPS, which is

another CNN-based classifier oriented to predict methylation in plants [113], (iv) scGPT, which is

a model based on transformers and trained on single-cell data [31], (v) iDNA-ABF, which uses a

bidirectional transformer (BERT) [60, 32, 62], and (vi) BERT-5mC, which also uses a BERT ar-

chitecture [131]. Transformer-based methods have also been employed for predicting RNA methy-

lation from sequence data [121]. We should note that, with the exception of AMPS, all of these

DNA methylation prediction methods have focused on CG methylation in humans or other verte-

brates. To the best of our knowledge, only AMPS can predict methylation in all CG, CHG, and
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CHH contexts, for the benefit of non-vertebrate species like plants. Based on the results in these

studies, transformer-based models appear to produce the most accurate predictions from the DNA

sequence, which we attribute to their powerful self-attention mechanisms. However, the attention

mechanism relies on computing the relationship between every pair of tokens in a sequence; thus it

incurs quadratic time complexity with respect to sequence length during both training and evalua-

tion, making it inefficient for long DNA sequences [127, 65]. Since methylation potentially involves

interactions across thousands of base pairs, there is a need for models that can efficiently capture

long-range dependencies without excessive computational overhead [67, 10]. State-space models

(SSMs), traditionally used for time series modeling, have recently been explored as an alternative to

transformers for sequence-based tasks [47]. Unlike transformers, which use attention to explicitly

model interactions between all sequence positions, SSMs use state representations to propagate in-

formation through structured recurrence. As shown by the Structured State Space sequence model

and Hungry Hungry Hippos, it is possible to achieve competitive performance compared to trans-

formers while demanding lower computation and memory costs [46, 43]. HyenaDNA adapts the

SSM-based Hyena architecture to achieve subquadratic complexity in genomic sequence model-

ing [94, 99]. HyenaDNA employs long convolutions and data-controlled gating mechanisms to

implicitly capture long-range dependencies as a replacement for the more computationally expen-

sive attention mechanism of transformers. This architecture is particularly beneficial for genomic

tasks, where regulatory elements can influence gene expression over thousands of base pairs. By

leveraging memory-efficient computation over long context lengths, HyenaDNA has shown strong

performance in long-range predictive tasks, e.g., chromatin profile prediction, species classification,

among others.
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In this work, we focus our attention on plant genomes due to their more diverse type of

methylation contexts compared to mammalian genomes [125, 39]. Since plants have significantly

more non-CG methylation than mammals, predictive methods trained on plants are more general

compared to methods trained only on mammalian genomes. For the same reason, we used AMPS

[113] as our performance benchmark because it has demonstrated strong predictive performance

across all CG, CHG, and CHH contexts.

In this section, we investigate for the first time the performance of HyenaDNA in pre-

dicting DNA methylation from the primary DNA sequence, taking advantage of its ability to model

long-range genomic interactions while maintaining computational scalability. We train the Hyena

architecture using the DNA sequence surrounding methylated and unmethylated cytosines in six

plant species. As it was done in AMPS, we predict cytosine methylation in all contexts, i.e., CG,

CHG, and CHH. However, our architecture uses the DNA sequence exclusively, while AMPS also

takes advantage of genomic annotations. We investigate the performance of three model sizes for

HyenaDNA by pretraining the HyenaDNA framework on the genomes of the six plant species.

Finally, we compare the predictive accuracy of HyenaDNA against other published methods, and

we also examine the performance when predicting methylation across contexts and across species.

The ability of HyenaDNA to “transfer” predictive knowledge from one species to another would be

very valuable, because obtaining high-quality methylation data for a new species through bisulfite

sequencing is laborious and expensive.

5.1.2 Problem Formulation

Let a genome be represented as a sequence G over the alphabet {A,C,G, T}. Given a cytosine site

c ∈ G, we denote by S(c) the subsequence of length L centered at c. We define M(c) ∈ {0, 1} as
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the methylation state of cytosine c, where M(c) = 1 if c is methylated, and M(c) = 0 otherwise.

The problem can thus be expressed as predicting the mapping f : S(c) → M(c). In other words,

the objective is to design a system which predicts the methylation state of a cytosine given the DNA

sequence in the window containing the selected cytosine at its center.

5.1.3 Methods

Our approach follows a two-stage framework of pre-training and fine-tuning using HyenaDNA. The

pre-training input consists of genomic DNA sequences. During pre-training, we train a HyenaDNA

backbone of two Hyena layers using a masked language modeling objective. In the fine-tuning stage,

we pair the genomic DNA sequences surrounding cytosines with binary methylation labels for CG,

CHG, or CHH contexts as inputs and use a decoder layer connected to the backbone to perform

the binary classification of the methylation status. We use balanced sampling of methylated and

unmethylated sites and an 80:10:10 train/validation/test split.

Since the original HyenaDNA foundation model was trained on the human genome, we

retrained our instances of HyenaDNA from scratch, and then fine-tuned them for the methylation

prediction task. Our HyenaDNA models were trained on the genomes of tomato (Solanum ly-

copersicum), thale cress (Arabidopsis thaliana), rice (Oryza sativa), cowpea (Vigna unguiculata),

cucumber (Cucumis sativus), and common liverwort (Marchantia polymorpha).

For each species, we tested three model sizes for HyenaDNA, namely 128k, 436k, and

940k parameters. These model sizes correspond to two Hyena layers with a width of 64, 128, and

192, respectively (as shown in Table 5.1). The original HyenaDNA study describes experiments

using up to eight Hyena layers, but we chose a smaller depth for our models due to the relatively
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Figure 5.1: The HyenaDNA model structure; two Hyena layers constitute the architecture backbone

(pre-training); a downstream decoder layer is used for classification (fine-tuning); input sequences

are processed using a single-nucleotide tokenizer; the right side shows the components of the Hyena

layer: the Hyena operator combines long convolutions with element-wise gating, and the long con-

volutions are implicitly parameterized by an MLP [94].

small context range used for our tasks.

For the training dataset, we fragmented the genomes into sequences of 6,400 bp, twice

the length that would be used for the downstream classification task, to ensure that the models are

provided adequate contextual information. We used a single nucleotide tokenizer (where each nu-

cleotide A, T, C, G is treated as a discrete token, along with special tokens for sequence boundaries

and padding) as this approach performed best on the classification tasks in [94, 99].

For the downstream task, we fine-tuned the base species-specific models to predict the

methylation status in the contexts of CG, CHG, and CHH. We first extracted genomic sequences of

length 3,200 bp around each methylated/unmethylated cytosine for the selected context (1,600 bp
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HyenaDNA-128k HyenaDNA-436k HyenaDNA-940k

Model size 128k 436k 940k

Model width 64 128 192

Decoder head size 130 258 386

Architecture Two Hyena layers + MLP decoder layer

Optimizer AdamW

Batch size 128

Tokenization single nucleotide

Table 5.1: Hyperparameters of HyenaDNA

upstream and 1,600 bp downstream of the cytosine site). The window size of 3,200 bp was chosen

because it was shown to be optimal in [113]. A linear classifier downstream of the HyenaDNA

model was trained via supervised learning on the sequence dataset and their associated methylation

labels. The architecture of our classifier is illustrated in Figure 5.1. We applied global average

pooling over all sequence positions before passing the output to the decoder classification layer,

as opposed to using the last token embedding. In both the pre-training and fine-tuning steps, we

applied dropout with a probability of 0.1 to help mitigate overfitting and increase robustness against

unseen sequences. In total, we produced 54 fine-tuned HyenaDNA models (6 species × 3 model

sizes × 3 contexts).

Each dataset was curated to maintain an equal 50:50 ratio of methylated to unmethylated

cytosines, with a total size of 500,000 samples for each dataset. The size of the dataset was cho-

sen to be consistent with [113]. We extracted 250,000 DNA windows (3,200 bp long) centered
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at a methylated cytosine in the genome and 250,000 DNA windows (3,200 bp long) centered at

an unmethylated cytosine in the genome. If the number of methylated cytosines or the number of

unmethylated cytosines was lower than 250,000, we took an equal number of samples from both

classes. The data was split into an 80:10:10 ratio for the purposes of training, validation, and test-

ing. We trained our models with a batch size of 128. Detailed statistics for each dataset are shown

in Table 5.2. We trained using an adaptive learning rate schedule, with performance monitored on

cross-entropy validation loss for early stopping with a patience of three epochs. We set a maxi-

mum limit of 100 epochs for both the pre-training and fine-tuning steps. For the largest models

(HyenaDNA-940k) we used gradient checkpointing during training to reduce memory usage.

5.1.4 Experimental Results

We collected experimental results on three classification problems, namely (i) species and context-

specific prediction, where the test data matches the species and context of the trained model, (ii)

cross-context prediction, where the test data matches the species of, but differs in context from the

trained model, (iii) cross-species prediction, where the test data is of a different species, but from

the same context as the trained model. The experiments were performed for the six species listed

in Table 5.3, and for the CG, CHG, and CHH contexts. We compared our experimental results with

[113]. We did not compare any other published method, because in [113] it was shown that AMPS

outperformed iDNA-ABF [62], MRCNN [124], CpGenie [138], and SMEP [132]. We compared

our HyenaDNA architecture against AMPS without annotations (i.e., sequence only) and against

AMPS with annotations.
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species genome size (Mb) context methylated unmethylated dataset size dataset size (capped) meth% (total) acc (c/s-spec, 436k)

tomato 827.4

CG 2,101,929 236,762 2,338,691 473,524 89.9 0.87671

CHG 1,610,667 962,623 2,573,290 500,000 62.6 0.83864

CHH 403,972 16,969,766 17,373,738 500,000 2.3 0.69984

arabidopsis 119.1

CG 1,136,640 2,994,338 4,130,978 500,000 27.5 0.89672

CHG 323,748 4,079,995 4,403,743 500,000 7.4 0.94078

CHH 106,395 18,045,571 18,151,966 212,790 0.6 0.91245

rice 373.8

CG 7,036,195 5,978,404 13,014,599 500,000 54.1 0.88936

CHG 3,082,917 8,597,826 11,680,743 500,000 26.4 0.84884

CHH 900,875 35,690,939 36,591,814 500,000 2.5 0.88032

cowpea 518.6

CG 4,778,734 3,260,285 8,039,019 500,000 59.4 0.93168

CHG 4,710,302 5,415,359 10,125,661 500,000 46.5 0.94468

CHH 2,200,934 53,919,224 56,120,158 500,000 3.9 0.70364

cucumber 224.8

CG 1,267,547 974,108 2,241,655 500,000 56.5 0.89482

CHG 581,242 1,805,491 2,386,733 500,000 24.4 0.94952

CHH 557,331 11,313,108 11,870,439 500,000 4.7 0.84100

marchantia 225.8

CG 1,557,172 3,871,960 5,429,132 500,000 28.7 0.97476

CHG 514,728 4,893,529 5,408,257 500,000 9.5 0.92930

CHH 42,551 23,584,656 23,627,207 85,102 0.2 0.88365

Table 5.2: Data sets used for training the models in this study; data sets were capped to a maximum

size of 500,000 with a 50:50 split between methylated and unmethylated samples; the right-most

column shows the predictive accuracy of HyenaDNA-436k on each context and species
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Common name Accession number

Tomato (Solanum lycopersicum) GCA 000188115.4 (SL3.1)

Thale cress (Arabidopsis thaliana) GCA 000001735.2 (TAIR10.1)

Rice (Oryza sativa) GCA 001433935.1 (IRGSP-1.0)

Cowpea (Vigna unguiculata) GCA 004118075.2 (ASM411807v2)

Cucumber (Cucumis sativus) GCA 000004075.3 (Cucumber 9930 V3)

Liverwort (Marchantia polymorpha) GCA 003032435.1 (Marchanta polymorpha v1)

Table 5.3: Plant genomes used in this study

A. Species and Context-specific Performance. We first evaluated each of our fine-tuned Hye-

naDNA models on the test data set matching both the species and context on which the models were

trained. Figure 5.2 shows that our HyenaDNA models (irrespective of their sizes) outperformed both

sequence-only AMPS and sequence+annotation AMPS in 15 contexts/species combinations out of

18 (83.4%). The highest improvement over AMPS with annotations was achieved by HyenaDNA-

940k on the rice genome for the CG context, with an accuracy increase of 10.5%. The highest

accuracy was obtained on the marchantia data set (CG context) by the HyenaDNA-940k model

with an accuracy of 97.7%. We observed that, in general, HyenaDNA models with a higher number

of parameters yielded higher accuracies in most cases. In 17 contexts/species combinations out of

18, HyenaDNA-436k performed better than HyenaDNA-128k. In 12 contexts/species combinations

out of 18, HyenaDNA-940k performed better than HyenaDNA-436k. There were a few cases in

which the HyenaDNA models yielded a lower accuracy compared to AMPS, namely tomato (CHG

and CHH context), and cowpea (CHH context). In the CHG context for tomato, HyenaDNA-436k
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Figure 5.2: Context and species-specific accuracy comparisons between HyenaDNA and AMPS

(sequence-only and sequence+annotation). In 15 contexts/species combinations out of 18 (83.4%),

HyenaDNA models (irrespective of their sizes) outperformed AMPS with and without annotations.

performed similarly to AMPS with annotations, while HyenaDNA-128k performed marginally bet-

ter and HyenaDNA-940k performed worse. In the context of CHH in tomato and CHH in cowpea,

both AMPS models outperformed HyenaDNA by a significant margin. In terms of precision and

recall, we observed a similar performance by HyenaDNA in these contexts as shown in Figures 5.3

and 5.4. We do not have a good explanation for the lower predictive performance of HyenaDNA in

these three specific cases.

B. Cross-context Performance. For the cross-context problem, we tested our fine-tuned Hye-

naDNA models on data from the same species but in different contexts. In total, we evaluate 36
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Figure 5.3: Comparing the precision of HyenaDNA-436k and AMPS for several contexts and

species

cross-context cases (two test contexts for each of three training contexts across six species). The

test accuracy is shown in Figure 5.5. We observed that the HyenaDNA-940k models outperformed

AMPS with annotations in 23 out of 36 cases (64%) and AMPS without annotations in 35 out of

36 cases (97%). The accuracy improvements of HyenaDNA were particularly consistent in cross-

context cases between CG and CHG, where the HyenaDNA-940k models outperformed both AMPS

classifiers in 12 out of 12 cases (100%). The improvement of HyenaDNA models for the CHH con-

text was less consistent. In particular, the cross-context accuracy for the CHH context in rice for all

HyenaDNA models was lower than AMPS with annotations. Among the HyenaDNA models, the

large models achieved the highest accuracy in 16 out of 36 cases (44%), the medium models in 13

out of 36 cases (36%), and the small models in 7 out of 36 cases (19%).
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Figure 5.4: Comparing the recall of HyenaDNA-436k and AMPS for several contexts and species

C. Cross-species Performance. To investigate the ability of HyenaDNA to predict methylation

across species, we evaluated our fine-tuned models on test datasets of the same context but in differ-

ent species. We measured the accuracy across 90 cross-species cases (five test species, six training

species across three contexts). Figure 5.6 shows that the performance of HyenaDNA on this prob-

lem was somewhat inconsistent. For instance, HyenaDNA-128k trained on the rice CHG context

and tested on the cowpea CHG context yielded 82.0% accuracy; however, the same model trained

on the marchantia CHH context and tested on the tomato CHH only achieved 48.8% accuracy. Sur-

prisingly, some of these results were asymmetrical; for instance, HyenaDNA-128k trained on the

tomato CHH context and tested on the marchantia CHH context set yielded a much higher accuracy

of 62.8%. We observed that (i) the HyenaDNA-128k models outperformed AMPS with annotations

in only 15 of 90 cases (17%), (ii) the HyenaDNA-436k models outperformed AMPS with anno-
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Figure 5.5: Cross-context testing accuracy comparisons between HyenaDNA and AMPS. Hye-

naDNA shows consistent improvement in accuracy scores over AMPS, especially in cross-context

cases between CG and CHG, with the 940k model outperforming both classes of AMPS in 12 of 12

such cases (100%).

tations in 11 of 90 cases (12%), and (iii) the HyenaDNA-940k models outperformed AMPS with

annotations in 12 of 90 cases (13%). Compared to AMPS without annotations, we observed an

improved performance in 68 of 90 cases (76%) for the HyenaDNA-128k models, 75 of 90 cases

(83%) for the HyenaDNA-436k models, and 75 of 90 (83%) for the HyenaDNA-940k models.

D. Runtime Analysis. To determine the runtime advantage of Hyena with respect to a transformer-

based model, we carried out an additional set of experiments. First, we collected the runtime of

HyenaDNA-436k for the inference of the methylation status on the cucumber genome (CG context)

over various input sequences, ranging from 1,600 bp to 12,800 bp. Then, we ran another inference

over the same inputs using a fine-tuned DNABERT-2 architecture. Both models were fine-tuned

137



Figure 5.6: Cross-species testing accuracy comparisons between HyenaDNA and AMPS.

HyenaDNA-940k outperforms AMPS without annotations in a majority of cases, but falls behind

AMPS with annotations.

with input samples of 3,200 bp. Figure 5.7 shows that HyenaDNA scales significantly better than

the DNABERT-2. When the input was 1,600 bp, HyenaDNA was 7.2× faster than DNABERT-2.

At 3,200 bp, HyenaDNA was 9.0× faster. At 12,800 bp, HyenaDNA was 17.5× faster. To complete

this analysis, Figure 5.8 shows the predictive accuracy of DNABERT-2 and HyenaDNA on this data

set. Observe that the predictive accuracy in both models peaks with inputs of 3-4 thousand base
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Figure 5.7: Comparing DNABERT-2 and HyenaDNA-436k’s runtime for different input sequence

lengths.

pairs, which is expected since both models were fine-tuned on 3,200 bp long sequences.

E. Hyperparameter Analysis. Here we investigated the effects of some important hyper-parameters

on the performance of HyenaDNA, namely (a) residual dropout, (b) training set size, and (c) window

size.

To evaluate the effects of changes to the residual dropout, we chose the HyenaDNA-

436k model pre-trained on the cucumber genome, and fine-tuned using a residual dropout of 0.1, in

addition to the 0.1 embedding dropout used in the previous experiments. Figure 5.9 shows that in

all cases there is a small drop in predictive accuracy when a residual dropout is incorporated.

To test the effects of changes to the training set size, we used the HyenaDNA-436k model

pre-trained on the cucumber genome, and we fine-tuned using samples of 25%, 50%, 75%, and
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Figure 5.8: Comparing the predictive accuracy of DNABERT-2 and HyenaDNA-436k on the cu-

cumber CG context with respect to different input sequence length (both models were fine-tuned

using a window size of 3,200 bp)

100% of the original training set. As expected, Figure 5.10 shows a positive correlation between

HyenaDNA’s accuracy and the training data set size across all contexts on the cucumber genome.

To investigate the effect of using a longer input window, we fine-tuned HyenaDNA-436k

on all contexts and species using a 6,400 bp window size (double the size of the default window

used in all previous experiments). Figure 5.11 shows that the 6,400 bp models performed worse

than the 3,200 bp HyenaDNA models in 17 out of 18 cases, with the only exception of marchantia

CHH (which shows a minimal improvement).
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Figure 5.9: Comparing the accuracy of HyenaDNA-436k trained with embedding dropout only

versus HyenaDNA-436k trained with both embedding and residual dropouts; the model was pre-

trained on the cucumber genome and then fine-tuned using residual dropout of 0.1, in addition to

0.1 embedding dropout

5.1.5 Discussion

Our experimental results showed that the Hyena architecture was very accurate in predicting the

methylation status in plants using exclusively the primary DNA sequence. Our Hyena-based models

demonstrated significant accuracy improvements compared to the sequence-only AMPS classifiers

for species/context-specific and cross-context problems. In some cases, we observed that larger

Hyena-based models achieved a lower accuracy compared to smaller models, indicating possible is-

sues with overfitting. An example of this behavior is the species/context-specific case for tomato in

the CHG context, where the experimental results indicate that the optimal model size may be 128k
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Figure 5.10: Comparing HyenaDNA-436k’s accuracy for various choices of the training dataset size

(25%, 50%, 75%, and 100%) on the cucumber genome

or even lower. The large gap in prediction accuracy between AMPS without annotations and AMPS

with annotations for this particular context suggests that the methylation state of a cytosine strongly

depends on its genomic localization (i.e., within a gene or a repeat), which our HyenaDNA models

do not use. We have considered the possibility that smaller training set sizes in certain contexts (i.e.,

fewer than 500,000 samples) may have contributed to differences in the classifier’s performance.

However, we did not find a correlation between training set size and performance across our exper-

iments. In cross-species situations, HyenaDNA performed on par with AMPS without annotations,

but frequently underperformed compared to AMPS with annotations. This suggests that gene and

repeat annotations could be key to accurately predicting methylation across different species. In

cross-context situations, we found that HyenaDNA performed better than AMPS, even with anno-
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Figure 5.11: Comparing the accuracy of HyenaDNA-436k using a window of 3,200 bp vs. 6,400 bp

for all contexts and species; AMPS’ accuracy with and without annotations is also included as a

baseline

tations, in most cases. Our findings support the observation reported in [113] that cross-context

predictions between CG and CHG overall yield good accuracies, while this is not the case with

cross-context predictions involving CHH.

While our study demonstrates the effectiveness of HyenaDNA for DNA methylation pre-

diction, we acknowledge our method’s performance is limited in cross-species contexts. This sug-

gests that in general, models trained on one plant species do not readily transfer to others, and new

species will likely require retraining with their own methylation data. However, we hypothesize

that species which are evolutionarily closely related and share a high-level of sequence similarity

may show methylation patterns similar enough to the extent that retraining would not be necessary.
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Additionally, several questions remain open for further exploration. A primary concern about deep

learning models is their black-box nature, which makes it difficult to explain the reasons behind the

predictions of these models [83, 20]. In this study, understanding the workings of the models can

provide deeper insights into the regulatory mechanisms that control DNA methylation in the cell.

Therefore, priority should be given to the interpretability analysis of the HyenaDNA models, fo-

cusing on understanding the features and sequence motifs that contribute most to their predictions.

To interpret the weights of the CNN-based AMPS classifiers, the authors used Grad-CAM [112] to

identify motifs within the input sequence that are most informative with respect to the classification

of methylation status. To the best of our knowledge, there are no equivalent tools for HyenaDNA

architectures. Future work should involve the analysis of the weights of the HyenaDNA models

and study their layer activations. Otherwise, model-agnostic approaches to interpretability analysis,

such as SHAP [82] and LIME [107], could be used for this purpose.

The authors of AMPS have shown that incorporating gene and repeat annotations signif-

icantly increased the prediction accuracy. It is possible that adding gene and repeat annotations

could increase the overall performance of HyenaDNA as well. Possible improvements in perfor-

mance could be achieved by carrying out additional experiments on the hyperparameters and/or the

training datasets. For instance, it could be worth investigating the effect of other sequence window

sizes on the performance of the HyenaDNA classifier. This could help determine whether local se-

quence motifs or long-range interactions are more relevant for specific methylation contexts. It may

also be interesting to explore the effects of pretraining on all six plant species, to test the possibility

of creating a single foundational model. Along these lines, the recent Evo foundation model, trained

on millions of prokaryotic and phage genomes, demonstrated impressive performance in predictive
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and generative tasks [93, 100]. We believe that further studies on HyenaDNA may pave the way for

similar results on plant species as well.

5.1.6 Software Availability

The code and its execution instructions are available from GitHub (https://github.com/hfeng95/HyenaDNA-

methyl).
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5.2 Visualizing the localization of multigene families with GFViewer

5.2.1 Background

A gene family is a set of genes which share a common evolutionary origin and exhibit structural and

functional similarities. Gene families arise through gene duplication events, followed by divergence

that allows them to acquire specialized or redundant functions. The study of gene families is crucial

for various biological, medical, and computational research areas, as they provide insights into gene

function, evolution, and potential therapeutic targets.

Additionally, analyzing the genomic localization of genes within a specific gene family is

essential for downstream analyses. The position of genes within the genome can influence their reg-

ulation, evolutionary history, and functional interactions. For example, finding genomic localization

of genes belonging to the same gene family may help in identifying gene clusters and understanding

their regulation. It also facilitates synteny analysis of conserved gene order across species for evo-

lutionary insights. These analyses can potentially reveal cis-regulatory elements influencing gene

expression.

In this section, we introduce a tool called GFViewer for visualizing the localization of

multi-gene families across the genome of a given organism. It requires a gene-family data file

(.xlsx/.csv/.tsv) containing gene family and location information for each gene and a genome se-

quence file (.fasta/.fna/.fa) or a chromosome-lengths file (.txt) for the same organism as inputs. As

output, it generates a plot illustrating the precise locations of genes belonging to the same gene-

family using unique colors specific to the corresponding gene-family in a PDF file. The initial

prototype of this software has already been used in studying the localization of multi-gene fami-
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lies of different Babesia species [119, 120] for understanding their evolution, speciation, virulence

factors, and drug targets.

5.2.2 Description

A. Installation. GFViewer can be installed on a local machine using Linux, Mac, or Windows,

either from its GitHub repository or as conda package, where installing locally from the GitHub

source offers users maximum freedom of usage. GFViewer is also available as a web application

with limited functionality. Figure 5.12 illustrates the web application’s homepage.

B. Input Files and Parameters. Table 5.5 summarizes the input files required for GFViewer

along with the parameters and options to configure it. The detailed specification of the input files

(three example sets are provided in the Appendix) is as follows:

• Gene-family data file: contains gene family and location information for each gene in the

genome and is expected to be in .xlsx/.csv/.tsv format. The header row must contain gene id ,

gene family , chromosome, start , end , and strand . This naming convention for the header

row must be followed strictly. Centromere data is optional and required only when plotting

them. To plot the centromeres along with genes belonging to different gene-families, always

put centromere under gene family and 0 under strand columns. A toy example for gene-

family data file is illustrated in Table 5.4.

• Genome or chromosome-lengths file: contains the genome sequence of the given organism

in FASTA (.fasta/.fna/.fa) format or the chromosome ids with their lengths in TXT (.txt)

format; seq id , seq length per line.
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Figure 5.12: The homepage of GFViewer web application

• Color map file: contains the gene family (gf) ids with their color codes in TXT (.txt) for-

mat. The colors can be chosen from the provided color palette (see Supplementary Material)

or provided with specific RGB values. If assigning colors based on provided color palette,

structure the color map file as gf id , color code per line. For example, gf 1 , 1 will assign

red to gf 1 . If assigning custom colors, provide the corresponding RGB values for each gene

family as gf id , r , g , b per line where r, g, b ∈ [0, 1]. Note that GFViewer can handle plotting

a maximum of 19 different gene-families with the default color palette where color code: 20
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gene id gene family chromosome start end strand

gene 1 family 1 chr 1 4031 15104 -

gene 2 family 2 chr 2 24310 45159 +

. . . . . . . . . . . . . . . . . .

centro 1 centromere chr 1 82125 98476 0

Table 5.4: A toy example for gene-family data file

(grey) is reserved for centromeres. When a color map file is not provided, each gene family

is assigned a color from the default palette in sequential order.

Among other parameters, a valid output directory must be provided via “-o” while ex-

ecuting locally. GFViewer offers some configurable features for the organization, orientation and

placement location of legends. By default, legends are plotted as a separate file, but setting “-lpp”

integrates them within the main output file. While plotting separately, “-or” can either be horizontal

or vertical, horizontal being the default. When plotting the legends horizontally, the number of rows

to arrange them can be specified via “-r” (default: 2). While plotting within the main file, legends

can be placed at the bottom/top/left/right via “-l” parameter, bottom being the default. GFViewer

also allows users to specify the number of chromosomes to be displayed per page through “-p” (de-

fault: 3) and setting “-conc” flag concatenates the pages into a single PDF file otherwise the plots are

generated in separate PDF files by default. Moreover, users can specify the average length of telom-

eres in bp (default: 10000) for scaling purposes via “-t”. Lastly, setting “-cen” plots centromeres on

the chromosomes provided the centromere locations through the gene-family data file.
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Parameters/Options Code Description

gene family data file* -d a file (.xlsx/.csv/.tsv) containing gene family and location information for each gene

genome/chr-lengths file* -g a fasta file containing the genome sequence or a text file containing the chr ids with their lengths

output directory* -o path to the output directory

color map file -c a text file containing the gene family (gf) ids with their color codes or RGB values

legend location -l the location (upper/lower/left/right) of legends only when adding them to each page (default: lower)

legend orientation -or the orientation (horizontal/vertical) of legends only when plotting legends separately (default: horizontal)

telomere length -t the length of telomeres in bp (default: 10000)

# of chrs per page -p number of chromosomes to be plotted per page (default: 3)

# of rows in legends -r number of rows in the legends (default: 2)

centromeres -cen by default centromeres of the chromosomes are skipped

legends per page -lpp by default legends are plotted separately in a pdf file (legends.pdf)

concatenate pages -conc by default plots spanning multiple pages are generated in separate pdf files

Table 5.5: Summary of parameters and options available in GFViewer; (* indicates the required

parameters)

C. Example. Figure 5.13 illustrates an example plot generated by GFViewer for the top 6 gene

families of Babesia divergens MO1 across its three chromosomes [120]. Observe that genes be-

longing to the same family tend to cluster together and the gene families are mostly placed near the

telomeres.

D. Implementation. GFViewer is OS independent. It has been developed in Python 3 and dis-

tributed under MIT license. Flask web framework is used to make GFViewer accessible via a web

interface. The web application is hosted on a Google Cloud VM instance, ensuring seamless de-

ployment and accessibility. This setup allows users to interact with GFViewer’s python library

through a user-friendly web interface, facilitating efficient data processing and visualization. To
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Figure 5.13: Multi-gene family localization plot for top-6 gene families of Babesia divergens MO1

across its chromosomes

ensure the security of the server machine, input validation is performed at both front and backend of

the web application. GFViewer doesn’t require any user registration step and anyone with access to

a web browser can get its benefits. We have tested our web application on some of the most popular

browsers including Chrome, Firefox, Safari and Edge. It ran smoothly in all of them. Moreover,

to ensure the safety and privacy of data uploaded by users, GFViewer generates encrypted unique

session tokens at each job request and processes all data under that token. On top of that, it runs a

data clean up once every 24 hours.

Note that apart from generating the localization plots of multi-gene families, GFViewer

outputs genbank (.gb) files for each chromosome utilizing the user provided gene-family data file.
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Users running GFViewer locally on their machine, can access these intermediate data from the

“tmp” folder inside the output directory.

5.2.3 Software Availability

• The source code and the usage instructions are available at https://github.com/sakshar/GFViewer.

• The conda package is available at bioconda/gfviewer.

• The web application is available at http://gfviewer.cs.ucr.edu.
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Chapter 6

Conclusions

In this dissertation, we have focused on developing algorithmic techniques to address

two of the most challenging and least explored problems in genome assembly: (i) the assembly

of highly repetitive genomic regions, and (ii) genome assembly in the presence of ultra-deep se-

quencing data (i.e., sequencing depth exceeding 1000×). We first reviewed the current state of

sequencing technologies and computational genome assembly methods, highlighting their limita-

tions with respect to these challenges. We then discussed how single-copy k-mers (unikmers), or

rare k-mers, have been previously used for read-to-genome alignment and overlap detection among

reads [122, 79, 88, 15, 17]. Building on these ideas, we designed novel algorithms that leverage

unikmers in new ways to address the aforementioned assembly problems. In addition, we investi-

gated computational modeling of DNA methylation across both CG and non-CG contexts. Finally,

we introduced a visualization tool for analyzing the genomic localization of multigene families.

In Chapter 2, published in the Proceedings of the 14th ACM International Conference

on Bioinformatics, Computational Biology, and Health Informatics (BCB’23) [21], we proposed
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a reliable statistical framework for identifying unikmers from long-read sequencing data in the

absence of a reference genome. Using PacBio HiFi reads, we demonstrated that for several values

of k, selecting k-mers whose frequencies fall within three standard deviations of the mean coverage

yields unikmers with approximately 99% precision and recall. We also introduced a new metric,

called the assembly score, to jointly assess contiguity, completeness, and accuracy of an assembly

when a reference genome is available. Furthermore, we presented RAmbler, a repeat assembler that

exploits unikmers for reconstructing complex repetitive regions. Extensive experiments on synthetic

datasets showed that RAmbler outperforms state-of-the-art assemblers on both fixed-length and

variable-length repeats, while achieving performance comparable to hifiasm on repeats with copy

number variation in synthetic diploid genomes.

In Chapter 3, published in Genome Research [22], we extended RAmbler to handle cycles

in overlap graphs and analyzed the effects of reference bias and HiFi sequencing coverage bias on

its performance in repetitive regions. We applied RAmbler to five selected repetitive regions (both

centromeric and non-centromeric) from human Chromosomes 8, 19, and X, achieving telomere-to-

telomere (T2T)–level assembly quality using HiFi data exclusively. We also evaluated RAmbler on

three repetitive regions from A. thaliana Chromosome 5. Comparisons with other assemblers on real

datasets from both human and Arabidopsis showed that RAmbler consistently outperforms existing

methods by a clear margin. While RAmbler is currently the most effective specialized assembler

for complex repeats, the current implementation is haplotype-unaware and performs best when the

mutation rate p is at least 1/1000. A promising direction for future work is haplotype-resolved

repeat reconstruction using trio and/or Hi-C data in combination with HiFi reads.

In Chapter 4, published in the Proceedings of the 16th ACM International Conference
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on Bioinformatics, Computational Biology, and Health Informatics (BCB’25) [23], we addressed

the problem of de novo genome assembly in the presence of ultra-deep HiFi sequencing data for

the first time. We introduced AWinK, an adaptive window–based read selection algorithm that

leverages unikmers. Through extensive experiments on both synthetic and real ultra-deep datasets,

we compared AWinK with six existing read selection strategies. Our results showed that AWinK

produces assemblies with high contiguity and completeness for coverage depths between 50× and

100×, while consistently achieving the highest genome fraction and sequence identity among the

methods evaluated. Although our current experiments are limited to the model organism C. elegans,

future work will extend this analysis to multiple organisms with varying genome sizes, complexities,

and repeat contents.

In Chapter 5, we presented collaborative studies spanning multiple research directions.

In Section 5.1, published in IEEE Transactions on Computational Biology and Bioinformatics

(TCBB) [40], we developed a sequence-only HyenaDNA model for DNA methylation prediction.

Our state-space model outperformed state-of-the-art methods across all methylation contexts and

demonstrated improved efficiency over transformer-based models for long input sequences. While

it outperformed competing approaches in cross-context prediction, its performance in cross-species

prediction was comparable to models incorporating both sequence and annotation information. Fi-

nally, in Section 5.2, we introduced GFViewer, a visualization tool for analyzing the chromosomal

localization of multigene families using gene family and genome sequence data. GFViewer has been

successfully applied to the study of gene families across multiple Babesia species, contributing to

research on evolution, speciation, virulence factors, and drug target discovery [119, 120].
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Appendix A

RAmbler

A.1 Command-line listing

All the commands used to execute tools, assemblers, and RAmbler are listed below.

Commands for k-mer analysis

jellyfish count -m $k -C -o $count_output -c 3 -s 10000000 \
--disk -t 16 $reads
jellyfish histo -o $histo_output -v $count_output
jellyfish dump -c -t -L $lower -U $upper $count_output | awk \
‘{print $1}’ > $dump_output

Commands for assemblers

# hifiasm
hifiasm -o $output/prefix -t 20 $reads

# LJA
lja -t 20 -o $output --reads $reads

# LJA (for simulated diploid genomes)
lja --diploid -t 20 -o $output --reads $reads

# HiCANU
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canu -p prefix -d $output genomeSize=$ASM_SIZE \
-pacbio-hifi $reads

# Verkko
verkko -d $output --hifi $reads --no-nano

Commands for RAmbler

bash run.sh -r read_file -u unikmer_file -o output_directory -s \
assembly_length [-k kmer_length] [-l tolerance] [-h threshold]
required:
-r path to the fasta file containing the HiFi reads extracted \
in step A
-u path to the file containing the list of unikmers extracted \
in step B
-o path to the directory where RAmbler will put all the \
generated outputs
-s estimated length of the repeat resolved part of the genome in bp
optional:
-k length of kmers used (default: 21)
-l tolerance parameter (default: 15)
-h threshold parameter (default: 15)

bash stitch.sh -g draft_genome_file -n contig_id -b start_position \
-e end_position -o output_directory -s contig_length
required:
-g path to the fasta file containing the draft/reference genome
-n id of the contig that is being re-assembled
-b approximate start position of the repeat region in the contig \
sequence from the draft genome
-e approximate end position of the repeat region in the contig \
sequence from the draft genome
-o path to the directory where RAmbler will put all the generated \
outputs (always put the same one as run.sh)
-s estimated length of the repeat resolved contig in bp

Commands for evaluation tools

# CRAQ
perl craq -g reference.fasta -ngs ngs.bam -sms hifi.bam \
-pl T -D output_directory

# QUAST
quast <assembly1> <assembly2> ... <assemblyN> -r reference.fasta
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# BLAST
makeblastdb -in assembly.fasta -dbtype nucl -out prefix_db
blastn -query repeat_unit.fasta -db prefix_db \
-outfmt "6 qseqid sseqid pident length evalue bitscore" \
-out out_file.tsv

A.2 Supplemental Code

Detailed instructions for executing RAmbler are provided in the GitHub repository (https://

github.com/ucrbioinfo/rambler).
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Appendix B

AWinK

B.1 Command-line listing

All the commands used to execute tools, assemblers, and AWinK are listed below.

Commands for AWinK

cd ˜
git clone https://github.com/sakshar/AWinK.git
cd AWinK/scripts
bash extractUnikmers.sh prefix k
python read2UnikmerMap.py
python awink.py

Commands to generate the final assembly using hifiasm

hifiasm -o $OUT_DIR/$PREFIX -t $THREADS $READ_FILE
awk ’/ˆS/{print ">"$2;print $3}’ $OUT_DIR/$PREFIX.bp.p_ctg.gfa \
> $OUT_DIR/$PREFIX.asm.fasta
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B.2 Supplemental Code

Detailed instructions for executing AWinK are provided in the GitHub repository (https://

github.com/sakshar/AWinK).
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Appendix C

GFViewer

C.1 Test data

Some example test data sets provided with GFViewer are listed below.

An example gene-family data file for Babesia divergens MO1 with six most frequent gene-families

(see Figure 5.13)

gene_id,gene_family,chromosome,start,end,strand
BspMO1_0002000,MGF1,chr1,73596,74168,-
BspMO1_0003900,MGF1,chr1,140431,141150,-
BspMO1_0004300,MGF1,chr1,156414,157130,-
BspMO1_0005000,MGF1,chr1,200517,201089,-
BspMO1_0005600,MGF1,chr1,230921,231637,-
BspMO1_0007000,MGF1,chr1,307437,308009,-
BspMO1_0007800,MGF1,chr1,361666,362238,-
BspMO1_0062400,MGF1,chr1,1483848,1484420,+
BspMO1_0169100,MGF1,chr1,3623067,3623639,+
BspMO1_0169400,MGF1,chr1,3633008,3633580,+
BspMO1_0170600,MGF1,chr1,3692601,3693173,+
BspMO1_0173300,MGF1,chr1,3786067,3786639,+
BspMO1_0174000,MGF1,chr1,3859772,3860344,+
BspMO1_0333600,MGF1,chr2,3222662,3223234,-
BspMO1_0333800,MGF1,chr2,3229213,3229857,-
BspMO1_0333900,MGF1,chr2,3229477,3229857,-
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BspMO1_0334600,MGF1,chr2,3246995,3247567,-
BspMO1_0336100,MGF1,chr2,3314519,3315148,-
BspMO1_0338500,MGF1,chr2,3447133,3447837,-
BspMO1_0344200,MGF1,chr3,22823,23395,+
BspMO1_0345500,MGF1,chr3,69838,72393,+
BspMO1_0346800,MGF1,chr3,100739,101311,+
BspMO1_0349700,MGF1,chr3,226569,227141,+
BspMO1_0351300,MGF1,chr3,309054,309626,+
BspMO1_0351900,MGF1,chr3,332615,333187,+
BspMO1_0362200,MGF1,chr3,557573,558145,-
BspMO1_0433000,MGF1,chr3,2036145,2036861,+
BspMO1_0005700,MGF2,chr1,233313,234613,+
BspMO1_0171200,MGF2,chr1,3709819,3711119,-
BspMO1_0175100,MGF2,chr1,3909871,3911171,-
BspMO1_0340900,MGF2,chr2,3518664,3519964,+
BspMO1_0341100,MGF2,chr2,3528937,3530237,+
BspMO1_0342000,MGF2,chr2,3596832,3598252,+
BspMO1_0342200,MGF2,chr2,3612453,3613753,+
BspMO1_0343900,MGF2,chr3,19853,21153,-
BspMO1_0345800,MGF2,chr3,83447,84783,-
BspMO1_0346900,MGF2,chr3,106717,137895,-
BspMO1_0347100,MGF2,chr3,114629,115929,-
BspMO1_0347600,MGF2,chr3,138035,138817,-
BspMO1_0348800,MGF2,chr3,204603,205903,-
BspMO1_0351200,MGF2,chr3,306045,339993,-
BspMO1_0352300,MGF2,chr3,338573,339993,-
BspMO1_0352600,MGF2,chr3,347046,348466,-
BspMO1_0432900,MGF2,chr3,2024264,2060341,-
BspMO1_0002500,MGF3,chr1,89931,90713,+
BspMO1_0002800,MGF3,chr1,106224,107006,+
BspMO1_0003600,MGF3,chr1,129128,129766,+
BspMO1_0004400,MGF3,chr1,165572,166348,+
BspMO1_0007200,MGF3,chr1,323385,324167,+
BspMO1_0169200,MGF3,chr1,3630538,3631317,-
BspMO1_0170100,MGF3,chr1,3681303,3682082,-
BspMO1_0170400,MGF3,chr1,3690170,3690949,-
BspMO1_0175300,MGF3,chr1,3919356,3920012,-
BspMO1_0176200,MGF3,chr1,3998183,3998965,-
BspMO1_0177300,MGF3,chr1,4094362,4095027,-
BspMO1_0334200,MGF3,chr2,3231554,3232336,+
BspMO1_0338300,MGF3,chr2,3438627,3439409,+
BspMO1_0348600,MGF3,chr3,197487,198269,-
BspMO1_0348900,MGF3,chr3,205121,205903,-
BspMO1_0349500,MGF3,chr3,224105,224887,-
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BspMO1_0350900,MGF3,chr3,279904,280686,-
BspMO1_0433400,MGF3,chr3,2051982,2052764,-
BspMO1_0438900,MGF3,chr3,2303902,2303939,-
BspMO1_0168900,MGF4,chr1,3620600,3621382,-
BspMO1_0174100,MGF4,chr1,3866202,3866867,-
BspMO1_0175500,MGF4,chr1,3926726,3927508,-
BspMO1_0177600,MGF4,chr1,4101807,4102514,-
BspMO1_0340200,MGF4,chr2,3496998,3497780,+
BspMO1_0342500,MGF4,chr2,3636724,3637389,+
BspMO1_0344700,MGF4,chr3,34343,35125,-
BspMO1_0344800,MGF4,chr3,36648,37313,-
BspMO1_0345000,MGF4,chr3,44072,44737,-
BspMO1_0438000,MGF4,chr3,2262409,2263191,-
BspMO1_0438800,MGF4,chr3,2301678,2302460,-
BspMO1_0172300,MGF5,chr1,3748908,3749615,-
BspMO1_0225300,MGF5,chr2,974330,975109,-
BspMO1_0235900,MGF5,chr2,1191643,1192425,+
BspMO1_0336600,MGF5,chr2,3330901,3331680,+
BspMO1_0341400,MGF5,chr2,3557117,3558516,+
BspMO1_0344300,MGF5,chr3,29331,30751,-
BspMO1_0344400,MGF5,chr3,29969,30751,-
BspMO1_0344600,MGF5,chr3,32156,32938,-
BspMO1_0351800,MGF5,chr3,330127,330909,-
BspMO1_0123000,MGF6,chr1,2675381,2675737,-
BspMO1_0171000,MGF6,chr1,3705866,3706222,+
BspMO1_0338200,MGF6,chr2,3436412,3436780,-
BspMO1_0339000,MGF6,chr2,3454335,3454411,-
BspMO1_0347900,MGF6,chr3,167052,167420,+
BspMO1_0435400,MGF6,chr3,2141630,2141995,+
BspMO1_0435900,MGF6,chr3,2153892,2154254,+

The corresponding chromosome-lengths file

chr1,4143664
chr2,3659128
chr3,2321341

The color map file

• with color codes from the default color palette
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MGF1,1
MGF2,2
MGF3,3
MGF4,4
MGF5,5
MGF6,6

• with custom RGB values

MGF1,1,0,0
MGF2,0,1,0
MGF3,0,0,1
MGF4,1,1,0
MGF5,0,1,1
MGF6,1,0,1

C.2 Supplemental Code

Detailed instructions for installing and executing GFViewer are provided in the GitHub repository

(https://github.com/sakshar/GFViewer).
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