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Genome sequences largely determine the biology and encode the
history of an organism, and de novo assembly — the process of
reconstructing the genome sequence of an organism from sequencing
reads —has been a central problem in bioinformatics for four decades.
Until recently, genomes were typically assembled into fragments of a
few megabases at best, but now technological advancesinlong-read
sequencing enable the near-complete assembly of each chromosome —
also known as telomere-to-telomere assembly — for many organisms.
Here, wereview recent progress on assembly algorithms and protocols,
with afocus on how to derive near-telomere-to-telomere assemblies.
We also discuss the additional developments that will be required
toresolve remaining assembly gaps and to assemble non-diploid
genomes.
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Introduction

A complete and accurate genome assembly is essential to fully under-
stand the genetics and evolution of an organism. For many years, auto-
mated algorithms could only produce fragmented assemblies; even
the reference human genome assembly' had hundreds of assembly
gaps comprising hundreds of megabases (Mb) of highly repetitive or
recently duplicated sequences. Genome assembly has thus remained
acentral topicin computational biology.

Current sequencing technologies typically produce contiguous
sequence reads ranging in length from a hundred base pairs (bp) to a
few tens of kilobases (kb); very rarely might they exceed1 Mbinlength?.
However, most chromosomes in multicellular organisms are more
than 10 Mb-long, and they can be gigabase (Gb)-long. To obtain the
genome sequence of an organism, individual sequence reads that
together cover the genome multiple times need to be obtained and
pieced together based on sequence overlaps betweenthem —aprocess
called ‘de novo assembly’, but often abbreviated here to ‘assembly’ for
simplicity.

Historically, there were two major strategies for whole-genome
assembly: hierarchical sequencing and whole-genome shotgun
sequencing (WGS). With the hierarchical sequencing strategy, tiled
genomic fragments of tens to hundreds of kilobases in length are
cloned, sequenced and assembled, with the order of clone sequences
confirmed against a physical or genetic map of the genome. The
first assembled multicellular genome — the Caenorhabditis elegans
genome — was assembled this way®. The commonly used human
reference genome GRCh38'was also mainly derived from clone-based
sequencing’. However, constructing and maintaining acomprehensive
clonelibraryis costly and labour-intensive, and thisapproachisrarely,
ifever, used today. Withthe second strategy, WGS, agenomeis sheared
intorandom fragments, the fragments are sequenced, and the genome
is then reconstructed>®. Because possible overlaps between reads
from across the whole genome need to be considered, rather than
only between smaller sets of reads from relatively short, localized
clones, WGS-based assembly is more computationally challenging

Box 1

than clone-based assembly. Nonetheless, withimproved assembly algo-
rithms and data quality, WGS has become the dominant sequencing
strategy for genome assembly.

The three critical properties of sequencing reads for assembly
are length, accuracy and evenness of representation. Many of the
issues that arise in designing assembly strategies involve tradeoffs
among these characteristics. The reference genomes of many model
organisms were initially assembled about 20 years ago using Sanger
reads of a few hundred to a thousand base pairs in length, which were
low-throughput and costly. High-throughput short-read sequenc-
ing platforms reduced costs by orders of magnitude’, but they led to
more fragmented assemblies owing to unresolved repeats longer than
the reduced read length (typically about 150 bp; Box 1). The advent
of single-molecule-sequencing in 2010 allowed much longer reads of
thousands of base pairs, and it marked a turning point in sequence
assembly. Although these long reads had a higher error rate (-10%)
thanshortreads (<1%), it was practical to routinely assemble complete
bacterial genomes® " and to assemble human genomes to contigs with
typicallengths greater than 10 Mb'>"*. Assemblies solely based onshort
reads are no longer competitive with assemblies that use long reads,
interms of completeness and continuity.

However, low-accuracy long reads were still unable to resolve
many repeats longer than the read length, and so, at the end of 2019,
itwasstillnot possible to assemble the entire genome of most multicel-
lular organisms. Furthermore, almost all eukaryotes have adiploid or
polyploid genome, consisting of two or more sets of haploid genomes
in each living individual. In general, unless the organism is inbred (as
with laboratory models) or otherwise experimentally manipulated,
these haploid copies are similar but notidentical. Genome assemblers
developed up until 2020 are unable to reliably separate homologous
haplotypesinadiploid humangenome, and they produce fragmented
assemblies of much lower quality than the reference genomes™.

Thearrival of accurate long reads” in 2019 has revolutionized the
field of sequence assembly. Recent assemblers that leverage this high
accuracy outperform older long-read assemblers'®?° and routinely

Properties of genomes that affect assembly

The main determinant of how easy it is to assemble a genome is not
its size but its repeat structure. A repetitive sequence, or repeat,

is a sequence that occurs multiple times in the genome. It can be
computationally resolved by a long read that bridges between non-
repetitive sequences on both sides of the repeated region. However,
satellite repeats and segmental duplications are often longer than
reads. The pericentromeric region of human chromosome 1, for
example, harbours 20 Mb of satellite repeats®®, much longer than
reads produced by current sequencing technologies. Fortunately,
such regions have accumulated mutations over time and do not
often share an identical repeat sequence over 10kb in length.

They can be resolved by long reads that are accurate enough to
distinguish between inexact repeat copies (bridging between the
differences between the repeats). Ribosomal DNA may be organized
as long tandem arrays consisting of highly similar copies. Long

ribosomal DNA arrays are among the most difficult regions to
assemble®°°.

The two homologous haplotypes in a diploid sample can also be
viewed as repeats of each other. Correctly separating these two copies
(or more than two, in the case of polyploids) is known as ‘phasing’. For
a heterozygous diploid or polyploid sample, a telomere-to-telomere
assembly also implies all chromosomes are correctly phased, because
phasing haplotypes and assembling repeats are related problems. An
assembler capable of resolving similar repeats naturally has a high
power to separate homologous haplotypes. Conversely, an assembler
incapable of haplotype phasing is unable to resolve similar repeat
copies. While traditional assembly algorithms collapse homologous
haplotypes, current practices often preserve haplotype phasing over
megabases and can produce a chromosome-scale haplotype-resolved
assembly, given multiple data types.
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Table 1| Common data types for high-quality assembly

Datatype Technologies Description

Roles

Accurate longreads ~ PacBio HiFi, ONT duplex

>10kb in length; error rate <0.5%

Initial assembly graph construction; phasing over heterozygous
variants that are less than 10kb apart

Ultra-long reads ONT ultra-long

>100kb in length; error rate <10%

Resolving tangles; phasing through homozygous regions over
100kb in length

Trio data Short-read

sequencing of parents

Standard whole-genome shotgun

Whole-genome phasing

Long-range data Hi-C, Pore-C, Strand-seq

Information over 1kb to over 10Mb in length

Chromosomal phasing; chromosome-scale scaffolding

deliver haplotype-resolved assemblies for diploid genomes of new non-
modelspecies” . At present, an assembly of the human genome thatis
produced without humanintervention from high-coverage long-read
data canroutinely exceed the completeness and the contiguity of the
human reference genome GRCh38 (ref. 25), which has been manually
curated andimproved over the past 20 years, yetit only has simulated
centromeres®® and still lacks most telomeres®. The new data type and
recent algorithms enable the whole-genome de novo assembly of
populationsamples®**' and have led to systematic projects to sequence
entire groups of species, including ultimately all eukaryotes® >, Now
thatahumangenome with each chromosome complete from telomere
to telomere (T2T)***” has been obtained for the first time, we expect
similar quality genome assemblies to become available for a rapidly
increasing number of speciesin years to come.

Here, we review the current practices for the near-T2T assembly
of large eukaryotic genomes. We describe common data types, dis-
cuss recent assembly algorithms and explain methods for evaluat-
ing assemblies, finishing with a discussion of open challenges and
future directions. Importantly, we note that homologous haplotypes
in a diploid genome are effectively repeats. An assembler unable to
distinguish homologous haplotypes will have difficulties in resolv-
ing long similar repeats and is unlikely to produce a near-complete
assembly, even for a homozygous sample (Box 1). We will not discuss
methods developed for small genomes or methods incapable of
haplotype-resolved assembly®*™,

Sequencing technologies and data types

Current efforts towards T2T assembly of diploid samples focus on
accurate long-read datain combination with multiple other datatypes
toresolve repeats and phasing at different length scales (Table 1; Box 1).

Long-read sequencing

Along-read technology produces contiguous read sequences that
aretypically 210 kbinlength. Pacific Biosciences (PacBio) and Oxford
Nanopore Technologies (ONT) are the two companies leading the
development of long-read technologies. In 2019, PacBio introduced
High-Fidelity (HiFi) reads, which are 10-20 kb in length with an error
rate below 0.5%". This new data type has replaced PacBio’s older Con-
tinuous Long Reads that have a >10% error rate. At present, HiFireads
are the core data type for high-quality assembly60~233%52,

The most reliable solution to a near-T2T assembly involves
additionally incorporating data from ONT ultra-long reads, which
are 2100 kb in length?*?"*, Despite their lower accuracy (-95% for most
existing data), they help to resolve remaining repetitive sequences
that could not be assembled with HiFi reads alone. At present, ONT
ultra-long data are more expensive to obtain than HiFi dataand require

large amounts of input DNA (typically tens of micrograms for ahuman
genome), so many sequencing projects do not routinely generate
ultra-long data. Most existing ONT reads are simplex — that is, only
onestrandissequenced. With the latest vi4 ONT chemistry releasedin
2023, simplexreads canreach anaccuracy of ~-99%. Meanwhile, ONT is
actively developing duplex sequencing, which sequences both strands
of aDNA fragment. ONT duplex dataapproach PacBio HiFiinaccuracy,
and reads can be much longer. It will become a compelling data type
once the technology matures.

Itisgenerally observed thatanatleast15-fold accurate long-read
coverage per haplotypeis necessary for deriving a contiguous assem-
bly">¢??2 Ultra-long data of >100 kb at -5-fold coverage per haplotype
noticeably improves the assembly?, although higher coverage is still
preferred.Itis now possible to assemble several human chromosomes
to T2T using one PacBio flowcell and a couple of ONT ultra-long flow-
cells, costing several thousand US dollars in reagents and afew hundred
US dollars for cloud computing”. However, for diploid genomes over
1Gbin length or with low heterozygosity (below approximately 1%),
long reads alone are typically insufficient to reconstruct all chromo-
somes or to completely phase entire chromosomes. In such cases,
long-range data are necessary for scaffolding and phasing.

Long-range sequencing

The most widely used long-range data type is Hi-C**~*°, AHi-C fragment
connects two lociif they are spatially close in a nucleus. Due to chro-
mosome packing, loci closer on the same chromosome are also more
likely tointeractinthe 3D space. Asaresult, if the density of Hi-C reads
is high between a pair of contigs, the pair is likely to be close on the
same chromosome. This information can be used to group and order
contigs into chromosomes. At the same time, because Hi-C fragments
aremore likely to bridge two loci on the same haploid chromosome than
ondifferent homologous chromosomes, Hi-C also provides long-range
phasing information. 30-fold Hi-C data coverage is usually sufficient
for assembling vertebrate genomes***°.

Other data types that can be used for scaffolding and phasing
include Pore-C”, whichis similar to Hi-C but sequenced with ONT, and
Strand-seq®®*’, which is more complex to produce than with Hi-C and is
not commercially available. Trio data, in which anindividual and both
its parentsare sequenced, canalsobe considered asatype oflong-range
data and are powerful for whole-genome phasing'*°.

Modern linked-read technologies, including stLFR®, TELL-seq®
and haplotagging®, produce clusters of short reads that come from
~100 kb fragments of the genome. They require low amounts of input
DNA, and their libraries only cost a few US dollars to a few tens of US
dollars to produce®. BioNano optical restriction digest maps also
provide long-range information®. However, these technologies do
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not generate contiguous nucleotide reads and are unable to resolve
repeatslonger thanreadlengths. They are thus not as powerfulas ONT
ultra-longreads or Hi-Cin conjunction with HiFi, and are not often used
for de novo assembly.

Assembly algorithms

Thecurrent recipe for near-T2T assembly involves four key steps: error
correction of accurate long reads, assembly graph construction from
correctedreads, graph simplification with ultra-long reads, and phas-
ing and scaffolding with long-range data (Fig. 1). This recipe has been
broadly adopted by the Darwin Tree of Life Project (DToL)*, the Verte-
brate Genomes Project (VGP)*, the Bovine Pangenome Consortium?®,
the primate telomere-to-telomere project® and multiple efforts on
human genome sequencing®**-*2,

Forahomozygous genome (Fig.1a), anear-complete assembly can
be produced with HiFi and ultra-long data; asmall number of gaps may
remain in the most challenging regions of the genome, such as ribo-
some DNA arrays®***“, satellite repeats®® and recent long segmental
duplications®. The T2T-CHM13 human genome was assembled with
these two datatypes™. Currently, the only assemblers that canintegrate

a Homozygous genome

HiFiand ultra-long reads are Verkko® and hifiasm*’, but some CHM13
chromosomes canbe assembled from T2T with HiFireads alone using
Verkko, hifiasm, HiCanu® or LJA*. These assemblers are superior to
earlier tools not optimized for HiFi data, mainly owing to their use of
exact sequence matches between reads to resolve repeats'®°.

For a heterozygous diploid genome, ultra-long reads and long-
range data are often necessary for a T2T assembly that correctly
resolves tangles and regions of low heterozygosity>>*"* (Fig. 1b). It is
also possible to produce a high-quality, though often not T2T, assembly
with fewer data types (Fig. 2). With HiFi alone, two types of assem-
bly pairs can be produced: a primary-alternate pair®, in which the pri-
mary assembly isthe best attempt at arepresentative complete haploid
genome and the alternate includes alleles not present in the primary
(Fig. 2a); or a dual assembly pair®**>, which aims to represent a pair of
complete haploid genomes (Fig. 2b). In both cases, there may be phase
switches between the two assemblies. For deriving asingle reference,
the primary assembly may be preferred, because primary contigs
are generally longer; the alternate assembly, which is fragmented
and error-prone, is usually ignored in downstream analysis. The dual
assembly pair, which represents both genomes in a diploid sample,

b Heterozygous diploid genome

Het?rozygous locus

Raw accurate
long reads
. \4 .
Sequencing errors —— Sequencing errors
Error
correction
——
Corrected reads
———
Assembly
Bubble Bubble

Initial assembly

S i S S

graph
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reads
Gap patched
-
= » | Ultra-long < — ->
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P 4 » Final assembly

. |
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Fig.1|Strategy for near-telomere-to-telomere assembly. a, Assembling a
haploid or homozygous genome. After sequencing errors on accurate long reads
are corrected, error-free reads are assembled into an initial assembly graph,
inwhich athick arrow denotes a sequence and a thin line connects sequences.
Ultra-long reads are then threaded through the assembly graph to resolve
tangled subgraphs and patch small assembly gaps. Long-range data such as

+ long-range

Phased
T b= 3 ;ase;

B :
Remaining gaps

Hi-C help to scaffold across remaining gaps. b, Assembling a heterozygous

diploid genome. Heterozygous differences between haplotypes are preserved

duringerror correction. The assembly graphs often consist of a chain of

‘bubbles’, representing polymorphisms between haplotypes. Ultra-long reads

and long-range data can be used to phase haplotypes as well as to resolve tangles.
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With accurate long reads only

With accurate long reads and trio/Hi-C/strand-seq data

a
Primary b J b J
Alternate »» - I b J
or
b
Dual hap1 b3 e I
Dual hap2 _—— - B »

Fig.2|Types of phased assembly of diploid samples. The initial assembly

graph canbe further processed into different types of assemblies. If only accurate
long-read sequence data are available, a primary-alternate assembly pair or adual
assembly pair can be generated. If long-range data (such as trio, Hi-C or strand-
seq data) are available, chromosome-phased assemblies can be generated. a, Ina
primary-alternate assembly pair, the primary assembly represents acomplete
haploid genome with occasional phase switches whereas the alternate assembly

C

Contig hap1 T D I I -_

Contig hap2 »»
Scaffold with Hi-C

d

Scaffold hap1 b 2 b 2 b 2 > 3

Scaffold hap2 » »

is fragmented and contains no homozygous regions longer than the read length.
b, Ina pair of dual assemblies, each assembly is similar to a primary assembly. ¢, Ina
pair of chromosome-phased assemblies, long-range data are used to partition
contigs from the same haploid chromosome to the same assembly.d, In a pair

of chromosome-phased assemblies with scaffolding, Hi-C data are used to join
contigs into chromosomes across assembly gaps (marked by thick grey arrows).
hap, haplotype; trio data, sequencing data on anindividual and bothits parents.

supports assembly-based variant calling®’® and has been used for

pangenome construction®. However, an assembly produced with
accurate long reads alone contains shorter contigs and scaffolding can
be more complex than foranassembly produced using ultra-long data.
There also tends to be problems distinguishing paralogous tandem
duplications within the same haplotype from homologous haplo-
typic duplications between haplotypes, particularly for contigs that
end within long unresolved duplications or repeats. These problems
can lead to false duplications”. For the primary assembly approach,
false duplications can be found and fixed with heuristic methods that
useacombination of read depth and sequence similarity toidentify and
discard duplicated paralogous contigs, as implemented for example
in Purge Haplotigs’>and purge_dups”.

Correcting sequencingerrors
PacBio HiFiand ONT duplexreads are accurate but not error-free. Errors
are mixed with genetic variants and may impede the correct separa-
tion of homologous haplotypes or repeat copies, whichwouldlead to
fragmented assemblies. Standalone error correctiontools developed
for long reads ignore phasing”°°, so all T2T-capable assemblers cor-
rect sequencing errors using their own algorithms. HiCanu, Verkko
and hifiasm align all reads to each other. For each read, they correct
abaseifitis rarely seen among other overlapping reads aligned to
the same position. LJA constructs an initial assembly graph without
error correction, aligns each raw read to the graph and takes the graph
path of high k-mer coverage as the corrected read sequence. Whereas
HiCanu, Verkko and LJA compress homopolymers in reads and cor-
rect reads in the homopolymer-compressed space, hifiasm corrects
errors in the original base space. All these assemblers can correct the
majority of errors”.

It is quite possible that differences in the output of these assem-
blers when applied to the same data depend as much on variation in

error correction as variation in assembly algorithm, but this is hard
to establish, because the steps are normally integrated. It would be
helpful if method developers separated their error correction step
fromthe assembly step.

Generatinginitial assembly graphs

Modern long-read assemblers are graph-based; in other words, they
construct anassembly graph, either an overlap graph®*?* (HiCanu and
hifiasm) or a de Bruijn graph (DBG’***; Verkko and LJA), from input
reads. Inthis graph, a vertex represents a sequence, and an edge indi-
cates a possible connection inferred from reads. An assembly graph
ideally retains allinformation in reads without redundancy. Itis, how-
ever, often nonlinear due to repeats and ploidy. Therefore, additional
datatypesareintegrated or graphtraversalis implemented toresolve
remaining ambiguity in the graph and obtain long linear contigs. We
describe here only the basic theory of graph-based assembly. For
simplicity, we assume DNA sequence only has one strand; under this
assumption, assembly graphs are directed graphs, similar to classical
graphsingraphtheory. In practice, because DNA is double-stranded,
assembly graphs arebidirected, with each edge having two directions”.

Overlap graphs. Inanoverlap graph, each vertexis aread. Adirected
edgeisadded fromread Ato read Bif a suffix of Acan be aligned to a
prefix of B;in this case, reads Aand Bare said to have an overlap. Over-
lapped reads canthenbe assembledinto alonger contiguous sequence
(Fig. 3a). Following other authors’, this Review uses the word ‘unitig’
for these non-branching paths in the assembly graph, rather than
another commonly used word, ‘contig’, whichis abroader termthatis
regularly used for other purposes as well. In practice, overlap graphs
will contain features that need to be further processed. In particular,
there will be overlaps between different repeat copies when the repeat
length is longer than the overlap length (Fig. 3b). For the human
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Fig.3 | Assembly with overlap graphs. a, Simple
overlap graph assembly. Find overlaps between all
reads, identify transitive overlaps (dashed arrows)
that can be inferred from other overlaps, remove
transitive overlaps, and merge vertices with one
incoming edge and one outgoing edge to get the
final unitigs. b, Graph cleaning. An uncorrected
sequencing error (green circle) mayleadtoa

‘tip’ (read 3) that should be trimmed off. Repeats

(red regions) may resultin overlaps between repeat
copies (reads1and 6) that can be cut with graph
cleaning. ¢, Assembling a tandem duplication

longer than reads. Disallowing inexact matches
removes spurious transitive edges (dashed) and
unintended overlaps between repeat copies

(inred). This resolves the region into asimple graph.
d, Assembling a diploid sample. Allowing inexact
overlapsleads to the loss of heterozygous differences
and collapses the two haplotypes. Using only exact
overlaps eliminates alignments between haplotypes
and thus preserves the heterozygous alleles and
their local phasing. Dashed arrows indicate transitive
edges. e, Removing contained reads (green line) leads
to assembly gaps on the red haplotype, as there is not
aread path from the red read to the purple read.
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genome, if overlaps shorter than afew kilobases are kept, there will be
many overlaps between the -6 kb LINEI retrotransposon sequences
that are prevalent and remain active in the human genome’®. None-
theless, given reads longer than LINE1, overlaps involving unique
regions are expected to be longer than repetitive overlaps. Ifaread has
two overlaps, shorter overlaps are more likely to be caused by arepeat
(forexample, inFig.3bread1overlaps with 6 due to arepeat) and may
be discarded when graph-based algorithms attempt to simplify the
initial overlap graphs later. Meanwhile, uncorrected sequencing
errorsmay lead to extra ‘tips’ (for example, read 3in Fig. 3b) or ‘bubbles’,
which may also be removed with graph-based algorithms. Recent work
demonstrated the possibility of using graph neural networks for graph
layout®, though we are not aware of extensive use of this approach
in practice.

Most overlap-based assemblers follow this procedure, but
HiCanu® and hifiasm?, the two overlap-based assemblers optimized
for HiFireads, are distinctin that they allow only perfect overlaps. This
apparently minor difference is the main source of their power to dis-
tinguish repeat copies (Fig. 3c) and phase haplotypes (Fig. 3d). In this
way, they achieve amore contiguous and more accurate assembly than
older assemblers, given accurate long reads'®.

Itisworth noting that hifiasmimplements string graphs®, an alter-
native formulation of an overlap graph. As the two types of graphs can
be transformed to each other without loss of information, for simplicity
they are considered as the same approach.

De Bruijn graphs. There are two ways to construct a DBG: node-centric
or edge-centric’® (Fig. 4a). In a node-centric graph, DBGv(k), each
vertex is a k-mer in reads, and there is an edge between two k-mers if
they overlap by k-1bases. Inanedge-centric graph, DBGe (k), eachedge
is a k-mer in reads, and each vertex is a (k—1)-mer. Mathematically,
DBGe(k +1)isasubgraph of DBGv (k), whereasDBGv (k) isthelinegraph
of DBGe(k), and both definitions are common in the literature. This
Review takes a node-centric view of DBGs owing to its connection to
overlap graphs: anode-centric DBG is an overlap graph consisting of
k-mers at vertices, withedges corresponding to k-1bp overlaps. It does
not have contained reads or transitive edges and is thus simpler.
Strategies used for overlap graphs are often applicable to DBGs.

Abasic DBG discardsinformation longer than the k-mer size. This
reducesits power for phasing and repeat resolution. It may be tempt-
ing to choose a large k to retain long-range information, but using a
large k increases the chance of contig breakpoints in low-coverage
regions. Thereis no single best k-mer size for all situations. The multi-
plex DBG’*'°° provides agood solution to the dilemma of k-mer selec-
tion. Conceptually, a multiplex DBG can be thought of as the merger
of multiple DBGs constructed with different k-mer sizes (Fig. 4b).
It adaptively chooses a large k in repetitive regions and a small k in
low-coverage regions. Nonetheless, using a multiplex DBG does not
resolve all the ambiguities in DBGs (Fig. 4c). In practice, assemblers
heuristically use different sets of k-mer sizes in different subgraphs®>.
Theyretrievereads usedinasubgraphandreplace the subgraph witha
new subgraph constructed with longer k-mers, if the new subgraphis
simpler and remains contiguous. This procedure is closer to the algo-
rithmusedinthe EULER assembler” thanto the conceptual definition
of multiplex DBG.

Minimizer-based sparsification is another technique
utilized in modern assemblers. Instead of storing every k-mer in
reads, only a small subset of all k-mers — minimizers'® or similar
concepts'**'% — are retained in memory. This strategy greatly reduces

101,102

memory and speeds up construction. Arelated, but distinct, construc-
tion called the minimizer-space DBG**'%° uses k consecutive minimizers,
called k-min-mers, as k-mers to construct a DBG. MetaMDBG'*® imple-
ments multiplex minimizer-space DBG, which is multiplex DBG of
k-min-mers.

Although most short-read assemblers use the DBG approach, no
assemblers use DBG for assembling noisy long reads with >5% error
rate, because long k-mers of 1 kb or more are needed to distinguish
repeats, buteven a20-merwould have one error on average atan error
rate of 5%. Nonetheless, with accurate long reads, most sequencing
errors can be corrected and k-mers over 10 kb in length can be used.
DBG againbecomes aviable choice. Verkko®'”' and LJA?* are DBG-based
assemblers that can construct initial assembly graphs of comparable
quality to HiCanu and hifiasm, when given long-read HiFi data.

Integrating ultra-long reads

Intheinitial assembly graph produced above, two heterozygous posi-
tions canbe phased onlyifthereisaread that harboursbothsites. The
diploid genomes of humans and many other species contain many
homozygous regions that are longer than HiFi reads and thus these
genomes cannot be phased with HiFi reads alone’>”. Moreover, seg-
mental duplications that happened within the past few thousand years
are likely to remain identical over tens of kilobases and would not be
resolved by HiFi reads either. ONT ultra-long reads are important to
extend phased blocks and to assemble recent duplications.

To integrate ultra-long reads, Verkko aligns them to the initial
assembly graph'” and identifies paths through the graph. It then simpli-
fiestheinitial graph with the same algorithm for constructing multiple
DBGs. Hifiasm instead performs ultra-long-to-graph alignment with
analgorithmsimilar to minigraph'®®. It encodes an ultra-long read as a
sequence of unitigs and applies the overlap-based assembly algorithm
in the unitig space. Although the two assemblers use distinct algo-
rithms, they both produce asimplified assembly graph with fewer nodes
and amorelinear topology after integrating ultra-long reads. For human
data, the new graph will have resolved most of the complex regions
and contain phased regions averaging more than 10 Mb in length>?.

Integrating long-range data
When data from parents are available, assemblers can apply the trio
binning algorithm'*?>¢° to achieve whole-genome phasing (Fig. 2c). The
initial version of this algorithmidentifies k-mers only occurringinone
of the parents, marks the parental origin of each read, and assembles
paternal and maternal reads separately. This strategy works for all
long-read assemblers. Modern assemblers, including Verkko and hifi-
asm, instead mark the unitigsin the assembly graph and produce long
paternal (or maternal) contigs by connecting paternal (or maternal)
unitigs and unmarked unitigs in the assembly graph. Such graph-based
trio binningis more accurate'®??and may also help to resolve subgraphs
inwhichthe within-haplotype divergence is smaller than the between-
haplotype divergence. When available, trio datagive extremely reliable
long-range phasing'®**. In practice, however, parental data may be
difficult to obtain due to ethical concerns in humans or because the
parents are not available for wild-caught animals. In principle, datafrom
other close relatives can provide similar information, but this type of
informationis rarely used for assembling the genomes of new species.
When trio data are not available, Hi-Cis critical for chromosome-
scale phasing (Fig. 2¢). Hifiasm and GFAse (described in a recent pre-
print'®’) adapted reference-based Hi-C phasing algorithms"*™ for
de novo assemblies. They inspect the Hi-C-to-contig alignments and
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apply an attractive force between two contigs if they share matches
to the same Hi-C fragments, and a repulsive force if they have high
sequence similarity. The attractive force tends to group together con-
tigs with the same phase whereas the repulsive force pushes homolo-
gous contigs to opposite phases. Hifiasm and GFAse attempt to find
a balance between the two types of forces to phase contigs. Verkko
can optionally take GFAse phasing and phase entire chromosomes.
Furthermore, it is possible to identify the parental origin of these
chromosomes using imprinted methylation makers™*ifthey are known
and sufficiently frequent to mark each homologous pair of contigs.

In addition to phasing, Hi-C also plays a key role in scaffolding if
there remain gaps in the assembly graph (Fig. 2d). There are several
scaffolders optimized for high-quality HiFi assemblies™ ™, Both the
VGP*and the DToL** use YaHS™* for scaffolding.

Polishing contig sequences

Polishing refers to the procedure implemented to improve the base
accuracy of contig sequences. For ahomozygous genome, wrong contig
bases would not be supported by read alignment® or by read k-mers'”’
and can thus be identified. For a haplotype-resolved assembly of a
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diploid genome, wrong contig bases can be identified by comparing
variant calls from the assembly-to-reference alignment and from the
read-to-reference alignment.Importantly, polishing tools developed
forunphased assemblies™®'** are not typically applied to a haplotype-
resolved assembly, as they mix reads from different haplotypes and
repeat copies and hence can reduce the contig base accuracy?.

Evaluating sequence assemblies

For an assembly to be truly T2T, it must both cover the whole of each
chromosome without gaps andbe free fromlarge-scale assembly errors.
It is critical to rigorously assess the quality of the assembly before
concludingitis T2T.

Basic metrics

Assembly size (the sum of all contig lengths) and N50 (defined as the
length for which contigs no shorter than this number cover half of
the assembly) are commonly calculated to get afirstimpression of the
quality of an assembly. For the autosomes of adiploid sample, the two
assemblies in a pair of dual (Fig. 2b) or chromosome-phased assemblies
(Fig. 2c) are expected to have similar sizes. A pair of unbalanced auto-
somal assemblies may indicate incomplete phasing and may benefit
from manual parameter tuning or curation®. Of course, in the hetero-
gametic sex (that is, XY males in mammals or ZW females in birds or
other animals) the sex chromosomes will most likely have different
sizes. Other ploidy variation within species can also occur, for example

owing to somatic chromosome loss or diminution'?.

Evaluating gene completeness

BUSCO™* remains a valuable tool for evaluating the completeness of
an assembly. It works by aligning conserved single-copy proteins to
the genome'” and counting alignments that are missing, broken or
duplicated: theless complete the assembly, the more proteins are una-
ligned. A caveatis that BUSCO may underestimate the completeness of
large genomes owing to limitationsinits ability to accurately align pro-
tein sequence to the genome. For example, the BUSCO completeness
of human gene annotations is 99.2%, but the BUSCO completeness of
the GRCh38 genome is only 95.7%. Compleasm'* is a recent reimple-
mentation of BUSCO that addresses this problem with more accurate
protein-to-genome alignment'”’.

The asmgene tool from the minimap2 package?*is an alternative
to BUSCO and also solves the low-completeness problem when a high-
quality reference genome is present. This tool identifies single-copy
genes based on cDNA-to-reference alignment and additionally evaluates
whether amulti-copy geneinthereference genomeis assembled to multi-
plecopiesinthetarget assembly. Noisy read assemblers may successfully
assemble single-copy genes but often miss multi-copy genes?.

Although genes are biologically important, they only contribute
to a small percentage of the genome content. Gene-based evaluation,
especially single-copy gene-based evaluation, omits complex genomic
regionsandshouldbe complemented by alternative evaluation methods.

K-mer based evaluation

Given uniform read coverage and a perfect assembly of the reads, we
expect the count of a k-mer in the assembly to be proportional to its
countinreads. A k-mer occurring more oftenin assembly thaninreads
suggests a false duplication in the assembly, whereas a k-mer having
high frequencyinthe reads butlow frequency in the assembly suggests
missing sequences. KAT is a powerful tool that makes use of these
simple observations to evaluate an assembly.

Itisnow acommon practice to use k-mers to estimate the base accu-
racy of contig sequences, often measured in the Phred scale®? as quality
value. This method works by calculating the fraction of contig k-mers
that are absent from reads. A higher fraction suggests a lower quality
value. Currently, there are two implementations, Merqury'? and yak™.
Itisworthnoting that because quality value estimationdepends onthe
quality and the depth of input reads, quality value estimates based on
different input reads are not strictly comparable. It is not easy to con-
clude the quality value of one species to be higher than that of another
species. Inaddition, itiscommonto use reads produced with different
technologies fromthe same sample to measure quality value. Although
this approach helps to reduce the effect of systematic sequencing
errors, it may underestimate quality value if there are coverage gaps
inreads. When there are trio data, both Merqury and yak can also use
parent-specific k-mers to evaluate the phasing accuracy of anassembly.

Alignment-based evaluation
Ideally, when sequence reads are aligned to their assembly
even coverage is expected at every contig position. Excessively low or
high coverage over along region would indicate a potential assembly
error. Contigs are also expected to be well supported by reads at base
level. When variants are called from the read-to-assembly alignment,
isolated small variant calls would indicate contig consensus errors,
whereas clustered heterozygous variant calls could result from col-
lapsed segmental duplications. Such signals played a crucial role in
evaluating the homozygous CHM13 genome. For a diploid genome,
the two haplotype assemblies may be merged and reads mapped tothe
merge. Similar signals should be observed. Flagger*® and Inspector”
are user-facing evaluation tools based on read-to-assembly alignment.
Forasample with anear-perfect curated assembly, such as CHM13
(ref. 36), the existing assembly can be taken as the ground truth to
evaluate automated assemblies. QUAST"® is a popular tool for this
purpose. Such methods based on assembly-to-assembly alignment
areinvaluable for assembler developers to tune assembly algorithms
butarenot applicable to new species or when the ‘truth’ assembly and
the evaluated assembly were derived from different strains or samples.
In the case in which the truth assembly and the evaluated assembly
hadbeenderived from different strains or samples, QUAST would not
robustly distinguish genuine differences between two samples from
assembly errors. Anassembly more complete in complex regions would
contain more structural variants and would seem to have a higher error
rate. For example, if the human reference genome GRCh38 is taken
as ground truth to evaluate the T2T-CHM13 assembly, QUAST would
report over 20,000 misassemblies™.

130,134-137
’

Challenges in de novo sequence assembly

Despite the progress outlined above, de novo sequence assembly is
notasolved problem. Allmainstream assemblers are built upon basic
assembly algorithms established by 1995 and heavily rely on hand-tuned
heuristics that do not have a solid theoretical foundation. Limited
by the characteristics of practical data, they cannot resolve the most
complexregionsingenomes. They also perform poorly with polyploid
genomes or more complex cases, such as aneuploid cancer genomes
with large-scale copy number changes and rearrangements.

Theoretical challenges

Eachofthe two assembly paradigms, overlap graphand DBG, hasitsown
caveats. When constructing an overlap graph, aread is discarded if it
is contained within longer reads. This apparently straightforward step

Nature Reviews Genetics



Review article

may lead to assembly gaps when reads are variable in length (Fig. 3e).
Suchassembly gaps are infrequent, but, asmodern assemblies are highly
contiguous, additional assembly gaps caused by contained reads are
noticeable. Containment removalis the Achilles” heel of overlap-based
assembly algorithms™** and remains an open and critical problem.
Leading DBG assemblers, including SPAdes'°° for short reads and
Verkko? and LJA* for long reads, all use multiplex DBG, whichis distinct
from the basic DBG described in textbooks. Although constructing
multiplex DBG from a fixed set of k-mers across all input reads has
been theoretically studied**'**, practical DBG assemblers do not use
these algorithms, because one k-mer set may not work optimally across
all subgraphs (Fig. 4c). Practical DBG assemblers resort to heuristics
and walk a fine line between graph contiguity and complexity. It will
beinteresting to see if, moving forwards, anew assembly paradigm s
developed that can combine different length scales more smoothly.

Practical challenges

Because Hi-C only provides relative phasing information between
contigs, assembly using Hi-C as long-range data is more difficult than
assembly using trio data. Without trio data, current assemblers may
have trouble resolving complex cases such as microchromosomes’'#>14¢
and residue tetraploidy'”’. Moreover, they may not cleanly separate
the sex chromosomes in heterogametic samples®*°. Nonetheless, by
inspecting Hi-C alignment, human curators from the VGP and DToL
can often identify these issues and manually fix them. This suggests
thatthereis further roomforimprovementinusingHi-C data, perhaps
using machine learning approaches.

The current T2T strategy emphasizes the use of long reads with
accuracy well above 99%. Although Canu™, Flye**and Shasta*° could pro-
duce contigs of tens of megabases for the homozygous CHM13 genome
with ONT reads of >5%error rate, they generated more structural errors:
24-75% of multi-copy genes in the finished T2T-CHM13 genome were
misassembled by these assemblers?, in comparison with ~-1% with
HiCanu or hifiasm, which also reconstructed more bacterial artificial
chromosome sequences correctly??%, Assemblies of noisy long reads
did not compete with assemblies of accurate long reads in general'®2°.
However, ONT is rapidly improving the accuracy of simplex reads, and
we suspect it will be possible to devise error correction strategies for
these newimproved reads that allow use of current or adapted long read
assembly algorithmsthat require exact matches. If thisworks, thereisa
prospectofaccurate T2T assembly from asingle data type, which would
greatly streamline high-quality genome assembly.

Inpractice, experimental challenges often have abiggerimpacton
the quality of assembly than computational challenges. Standard pro-
tocolsforlong-read generation require large amounts of DNA (>1 ug),
which can be hard or impossible to obtain from small organisms or
clinical samples. There are unamplified low-input library protocols for
PacBio that work down to 0.1 pg'*®, but, below this threshold, whole-
genome amplificationis necessary, whichintroduces coverage bias and
dropouts. There are also coverage biases with long reads. For example,
PacBio HiFireads struggle to sequence through long GA-rich repeats,
which was shown to lead to over 25% of the assembly gaps in a recent
study™*’, whereas ONT reads have been reported to have trouble with
telomere sequences™°.

Beyond diploid samples

Althoughexcellent progress hasbeen maderecently on T2T assembly
of diploid genomes, there is not a satisfactory solution for polyploid
genomes. There have been two recent haplotype-phased assemblies

of the tetraploid potato, which used single-cell sequencing data™' or
genetic maps' for phasing, but these are not methods that can be
deployed atscale. It would be preferable to derive polyploid assemblies
using common data types; in principle, the necessary information
should be presentin HiFilong reads, ultra-long reads and Hi-C data. Can-
cer genomes are polyploid to some extent, with ploidy varying between
or withinchromosomes, making them even harder to assemble. Beyond
cancer, it would be beneficial to be able to assemble metagenomic
samples, which contain alarge variety of species, typically microbial,
at very different relative abundances. A metagenome can also be
considered as a polyploid genome with even higher ploidy variation.
Nonetheless, when assembling ametagenome sample, the baris lower
incomparison with polyploid genome assembly: for example, itis not
normally expected to phase highly similar genomes. There are dedi-
cated metagenome assemblers, such as MetaFlye'”*, hifiasm-meta”*and
metaMDBG'®, that canreconstruct up toafew hundred closed bacterial
genomes from a deeply sequenced metagenome sample, although
16S or k-mer profiling indicate that there are missing species'. There
isstillalong way to go to achieve complete metagenome assembly.

Conclusions

Thanksto the availability of PacBio HiFi reads and ONT ultra-long reads,
the quality of de novo assembly hasimproved dramatically over the past
two years. Now, a fully automated assembler can phase and assemble
some chromosomes from T2T for diploid mammals and other species
with large genomes. This was unthinkable in mid-2020.

Canwe automatically assemble all chromosomes in most genomes
from T2T with current data? We think the answer to be generally no.
Webelieve that most of the advances over the past few years have been
made because of improvements in data quality. Current assemblers
can correctly reconstruct long segments of genome sequence, but the
remaining assembly gaps, especially in diverse non-human genomes,
remain hard to patch automatically. Algorithm improvement alone may
not reliably resolve all genomes with the currently available data. We
look forward to continuing new advancesin sequencing technologies
to truly complete a genome without human intervention.

Itis important to note that a complete assembly is only the first
step towards downstream biological discoveries. Although genome
assembly has progressed rapidly, whole-genome alignment and
gene annotation continue to have major challenges'**%, We hope to
see continued development of downstream genome analysis tools in
the future to realize the full power of (near-) complete assembly.

Published online: 22 April 2024
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