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in the electrical signal are caused by different nucleotide 
compositions that partially block the pore at any given 
moment [4]. Hundreds of plant genomes, including those 
of numerous crops, have been sequenced with long reads 
[4–6]. The ability to generate genome sequences for plant 
species of interest is crucial to harnessing the potential 
of orphan crops and crop wild relatives [5]. Engineering 
attempts, for example, those utilizing genome editing, 
can also profit from a high-quality genome sequence for 
experimental design [7]. As a single reference genome 
sequence cannot capture the full genetic diversity of a 
species, pangenome projects have been conducted to 
explore intraspecific diversity [8–10]. Despite all these 
efforts in plant genomics, we are still only seeing the tip 
of the iceberg. Based on an estimated number of 522,945 
plant species [11] and 6,676 sequenced genomes accessi-
ble through NCBI, less than 2% of all plant genomes have 
been sequenced (Fig. 1). Given that multiple sequenced 
genomes may represent the same species, the actual pro-
portion of covered plant species is likely considerably 
lower, highlighting significant opportunities for future 
genome sequencing initiatives. Due to legal restrictions 
(e.g., the Nagoya Protocol), not all scientists are allowed 
to study plant species native to biodiversity hotspots in 

Introduction
The first ‘complete’ plant genome sequence, that of Ara-
bidopsis thaliana, was released 25 years ago by a large 
international consortium as the result of an expensive 
process [1]. With the emergence and rapid improve-
ment of long-read sequencing technologies, individual 
research groups can now generate A. thaliana genome 
sequences of superior quality [2, 3]. Currently, Pacific 
Biosciences and Oxford Nanopore Technologies (ONT) 
offer technologies for the generation of long and highly 
accurate sequences by analyzing individual DNA mole-
cules [4]. We present a workflow that relies exclusively on 
ONT sequencing data and focus this review on this tech-
nology due to our specific expertise. ONT sequencing 
works by measuring changes in an electrical signal as a 
DNA strand passes through the nanopore. These changes 
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Abstract
Access to genome sequences is crucial to investigate and engineer traits in plants, explore biodiversity, and 
support phylogenetic studies. Over the last decade, affordable sequencing devices have substantially increased the 
size of the genomics community by enabling individual research groups to sequence the genomes of plant species 
of interest. There has also been a quick development of novel tools for sequencing data analysis. Here, we share 
experiences with plant long-read genomics methods for Oxford Nanopore Technologies (ONT) and provide hands-
on guidelines to support newcomers entering plant genomics. The full workflow from planning a plant genome 
sequencing project to the public release of associated data sets is covered.
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Fig. 1 (See legend on next page.)
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the tropics. Therefore, it is important to enable local sci-
entists to conduct genome sequencing projects before 
species become extinct, and their genomic resources are 
irreversibly lost.

  
To improve the coverage of plant species with avail-

able genome sequences, understanding the terminology 
associated with genome sequencing is crucial, as it high-
lights the differences between genomes and their in silico 
(i.e., computationally reconstructed) representations. 
This distinction is particularly important when interpret-
ing scientific results and drawing conclusions about bio-
logical processes in nature based on these reconstructed 
sequences. A plant ‘gene’ is a segment of DNA present in 
a plant’s genome that contains the instructions for pro-
ducing a specific protein or RNA molecule [16]. Unlike 
bacterial genes in polycistronic operons, plant genes 
also include regulatory regions, such as promoters, and 
often contain introns (non-coding regions), making 
their structure more complex [17]. In plant genes, cod-
ing sequences (CDSs) represent contiguous exons that 
encode proteins after intron splicing [18], distinguish-
ing them from surrounding non-coding regulatory ele-
ments such as promoters, untranslated regions (UTRs), 
and introns. Many genes also contain UTRs that help 
regulate translation efficiency and mRNA stability. 
These non-coding elements play essential roles in gene 
regulation, allowing plants to respond to environmental 
changes. The gain, modification, or loss of these regula-
tory elements over time contributes to the diversity and 
adaptability of plant species [19, 20]. We define the term 
‘plant genome’ as the complete set of DNA molecules 
present within a plant cell. From that, organellar DNA 
can be denoted as ‘subgenome’ and more specifically 
as ‘plastid genome’ or ‘plastome’ for the DNA from the 
plastids and ‘mitochondrial genome’ or ‘chondrome’ for 
the DNA from mitochondria. Consequently, ‘genome 
sequencing’ is the methodology employed to determine 
the order of nucleotides of this genetic material. Since a 
genome found in nature cannot be accessed with 100% 
accuracy, the in silico reconstructed sequence is des-
ignated as a ‘genome sequence’ or ‘assembly’. The term 
‘assembly’ also refers to the process of combining smaller 
reads into larger sequences. Genomes typically consist of 
multiple distinct ‘chromosomes’. A high-quality assembly 
can accurately represent these chromosomes, which are 
then referred to as ‘pseudochromosomes’. A ‘Phred’ or ‘Q’ 

quality score is the probability that a nucleotide base is 
basecalled incorrectly in the sequencing data. When this 
score exceeds 20 (Q20+), it means that the probability of 
an incorrect basecall is less than 1%. The ‘coverage depth’ 
(hereafter ‘coverage’) refers to how many times a genomic 
region was read during sequencing, i.e., how many reads 
later include a specific position in the genome sequence. 
For example, if a genome is sequenced with 40x coverage, 
it means that, on average, each base is represented in 40 
individual reads. Typically, for ONT sequencing, cover-
age less than 20x is described as low coverage, whereas 
around 30-50x is defined as moderate coverage. Higher 
coverage (more than 60x) is usually beneficial and some-
times necessary for large repeat-rich plant genomes [21]. 
In plants, the genome is usually diploid or polyploid. The 
various copies of one chromosome are termed ‘haplo-
types’, while their in silico reconstructions are referred 
to as ‘haplophases’ [4]. The process of resolving haplo-
phases is known as ‘phasing’. When haplophases cannot 
be resolved, for instance, due to the underlying organ-
ism being highly homozygous, this assembly is termed 
‘unphased assembly’ and results in a single haplophase 
which represents both haplotypes.

This review covers the major workflow steps, including 
preparing a genome sequencing project, DNA extrac-
tion, sequencing, genome sequence assembly, structural 
annotation, functional annotation, quality control for 
every step, and the submission of analysis results (Fig. 2). 
The guidelines and example commands shared here are 
intended to facilitate genomic sequencing projects con-
ducted by individual research groups.

  

Step 1: preparations for a plant genomics project
Importance of botanical gardens as a source of material for 
sequencing projects
In the age of plant genomics, botanical gardens are 
essential as repositories of a vast array of plant genetic 
diversity, being much more than simple displays of flora. 
These living collections contain a significant amount of 
the genetic diversity of plants worldwide and give scien-
tists unparalleled access to a wide variety of documented 
plant material for genomic research [23]. When main-
taining plant collections over long periods, botanical gar-
dens inevitably maintain inbred or double-haploid plant 
lines, and these populations have high homozygosity, 
which can be beneficial for genome assembly and further 

(See figure on previous page.)
Fig. 1  The percentage of threatened (left - in light red and dark red) and non-threatened (right - in light and dark blue) angiosperm species from Bach-
man et al. 2024 [12]. The species are grouped by order, representing the 64 orders of Angiosperms according to Angiosperm Phylogeny Group IV [13]. The 
darker red bars represent the threatened and sequenced species, while the darker blue bars represent the non-threatened and sequenced species. The 
numbers on the right represent the total number of known species in each order according to Bachman et al. 2024 [12]. Overall, based on angiosperm 
extinction predictions, around 45% of species are estimated to be threatened. In terms of genome sequencing, for the vast majority of angiosperm orders, 
less than 2% of species are sequenced, highlighting the dire need for conservation genomics prioritizing threatened species. The phylogenetic tree on 
the left is estimated from Janssens et al., 2020 [14], accessed using the Open Tree of Life [15]
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analyses by reducing allelic variation and assembly ambi-
guities caused by heterozygous regions [24]. Examples of 
high-quality reference genome sequences utilizing hap-
loid organisms or inbred lines are numerous [25–28]; 
homozygous genomes often lead to more contiguous and 
accurate reference assemblies. This homogeneity is espe-
cially advantageous because lower heterozygosity makes 
it possible to resolve structural variants and repetitive 
regions more clearly, which improves chromosome-level 
assemblies and facilitates functional genomics research 
[29–31].

The value of botanical garden collections in further-
ing genomic research is revealed as large-scale sequenc-
ing projects continue to progress. Advances in genome 
sequencing technologies are laying the foundation for 
large-scale projects like the Earth BioGenome Project. 
Specimens in botanical gardens are helpful resources for 
comparative genomics, as demonstrated in a study by Liu 
et al. in 2019, which generated sequences of nearly 700 
vascular plant species from the Ruili Botanical Garden 
[32]. Several of our studies began with plants acquired 
from botanical gardens and would not have been pos-
sible without these valuable resources. Examples are the 
water lily Victoria cruziana acquired from TU Braunsch-
weig Botanical Garden that was used to generate a high-
quality genome sequence [33]; the cacao study [34] that 
enabled the investigation of the genetic basis of flavonoid 
biosynthesis, and the discovery of the withanolide bio-
synthetic gene cluster in the Withania somnifera genome 
sequence [35].

Botanical gardens can be considered living bridges 
between taxonomy, conservation, and genomics, and will 
continue to be essential for plant science and for safe-
guarding the genetic repertoire of the world’s flora.

Evaluating existing genomic data
Before initiating a sequencing project, it is essential to 
assess whether genome sequencing is necessary. In cer-
tain applications, RNA-seq data may be sufficient to 
assemble sequences of expressed protein-coding genes, 
which can provide adequate information for specific proj-
ects [36, 37]. The required RNA-seq data sets may already 
be available in a public database. If genomic reads or a 
complete genome sequence are required, the subsequent 
step involves determining whether a genome sequence 

of sufficient quality is already available. This question 
can be answered by consulting databases maintained by 
members of the International Nucleotide Sequence Data-
base Collaboration (INSDC), including GenBank and the 
Sequence Read Archive (SRA), the European Nucleotide 
Archive (ENA), and the DNA Data Bank of Japan (DDBJ) 
[38]. Since some of these databases offer reads in addition 
to genome sequences, it is essential to search for both 
assembled genome sequences and raw reads. Reposito-
ries hosting reads include the SRA and ENA. Accessing 
reads can facilitate projects by bypassing the sequencing 
step and allowing for the immediate start of dry lab work. 
Other big databases are Phytozome and the National 
Genomics Data Center (NGDC) [39, 40]. Additionally, a 
simple internet search may be helpful, as other special-
ized databases or data repositories like FigShare [41], 
Dryad [42], e!DAL [43] and PGP [44] exist, and some 
authors may make their data available outside major 
databases.

Resource estimation utilizing the plant DNA C-values 
database
To prepare for the sequencing of a plant genome, it is 
essential to estimate the required resources, which are 
mostly dependent on the genome size. A preliminary 
assessment of the genome size can be achieved using the 
C-value, which represents the amount of DNA in pico-
grams per haploid nucleus and can be obtained from the 
Kew Garden Plant DNA C-value database, which, in its 
current release (Release 7.1, April 2019), contains data for 
12,273 species [45].

Resource needs are determined by the project’s specific 
aims and the characteristics of the plant material, both 
of which affect the volume of sequencing data required. 
The availability of homozygous or double-haploid organ-
isms is often limited, unless the plant of interest is subject 
to extensive cultivation or breeding efforts. For instance, 
the sugar beet reference genome sequence (RefBeet) was 
established using a double haploid line to reduce assem-
bly complexity [46]. The study by Shi et al., 2023, provided 
a complete reference genome sequence for grapevine, 
using the PN40024 line (from the cultivar Helfensteiner) 
which originated from self-fertilization carried out 
for nine generations, resulting in a 99.8% homozygous 
genome [47]. When such resources are inaccessible, a 

(See figure on previous page.)
Fig. 2  Major steps in a plant genome sequencing project using Oxford Nanopore Technologies (ONT). This workflow illustrates the twelve essential 
stages from project conception to data release. The process begins with assessing whether a new sequencing project is necessary, followed by sample 
collection and extraction of high-molecular-weight (HMW) DNA. Next, key library preparation considerations must be addressed before sequencing. An 
optional step involves chromosome conformation capture sequencing (e.g., Pore-C) to enable scaffolded assemblies. Sequencing output then under-
goes a series of computational analyses: basecalling, read correction, genome assembly, and subsequent evaluation of assembly quality. Further steps 
include scaffolding, structural annotation, and functional annotation to generate a complete and biologically meaningful genome assembly. Finally, the 
resulting assemblies and associated data should be submitted to public repositories such as the INSDC databases. Genome sequencing has broad ap-
plications, including plant breeding, functional genomics, genetic engineering, and conservation genomics. To support newcomers, a hands-on guide 
for the data analysis steps is available as a supplementary file [22]
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haplotype-resolved genome assembly becomes neces-
sary, effectively doubling the data requirements based 
on the C-value. This demand may further escalate if the 
genome of the plant in question is polyploid, which is a 
very common property of plant genomes [4, 48]. In our 
experience, a coverage depth, i.e., the number of reads 
spanning each genomic position, of 30x per haplophase 
was sufficient to obtain high continuity assemblies. This 
is also recommended by others for haplotype-resolved 
assemblies [49, 50]. While the initial calculation based 
on biochemical data, like a C-value, is only a rough esti-
mate, the first sequencing data can be used for a genome 
sequence assembly attempt that allows a more accurate 
assessment of the actual obtained coverage. This analysis 
can be repeated as more data become available to ensure 
that a sufficient amount of sequencing data is generated. 
Generating more data than needed based on the cover-
age recommendation above should generally improve the 
assembly quality. By using the full capacity of committed 
flow cells, it might be possible to generate this additional 
data by just letting the run continue until all nanopores 
are broken or blocked.

For example, Victoria cruziana has a 1 C value of 4.10 
[51], indicating the need to obtain a total of 123 giga-
basepairs (Gbp) of long read sequencing data. Following 
a general guideline suggesting an average yield of about 
10 Gbp per MinION flow cell, at least 12 flow cells are 
estimated to be necessary. Additionally, further read cor-
rection processes may lead to a decrease in the overall 
yield of final sequencing data that can be subjected to the 
assembly process. The data output heavily depends on 
the DNA quality, which can be influenced by the quality 
of the individual plant material. Therefore, it is impera-
tive to optimize the DNA extraction process to ensure 
optimal sequencing results.

Another alternative for estimating the genome size, 
when (short) reads are already available, is k-mer count-
ing. A k-mer is a substring of length k. A k-mer-based 
genome size estimation utilizes the frequency of read 
k-mers. Tools like Jellyfish [52] and KMC [53] can be 
used for the calculation of k-mer frequencies, while 
GenomeScope 2.0 uses the k-mer frequency distribution 
with statistical modelling to estimate genome character-
istics such as size, heterozygosity, and repetitiveness [54].

Step 2: DNA extraction protocols
The fundamental step in plant genomics is the extraction 
of high molecular weight DNA to obtain long sequenc-
ing reads that enable the resolution of complex and/or 
repetitive genomic regions [55, 56]. Since the sequenc-
ing technology imposes no limit on the read length, the 
read length distribution depends directly on the DNA 
fragment size subjected to the sequencing. Extracting 
DNA from plants is challenging due to particularities 

such as the cell wall, starch, and other polysaccharides, 
and specialized metabolites like polyphenols [57]. With 
the introduction of the Short Read Eliminator (SRE) kit 
(originally by Circulomics), it became critical to ensure 
the presence of long DNA fragments in the sample, while 
the depletion of short fragments can be reliably per-
formed in a final step using the SRE kit.

Over the years, a wide range of optimized protocols 
has been developed, including cetyltrimethylammo-
nium bromide (CTAB)-based methods, which have been 
widely adopted by the plant science community due to 
their effectiveness with diverse plant species [58]. This 
method begins with the disruption of the tissue in liquid 
nitrogen, followed by grinding into a fine powder with a 
pestle and mortar. The tissue is then treated with a CTAB 
buffer, which facilitates cell lysis and prevents specialized 
metabolites from interfering with the DNA [59]. Cus-
tomized CTAB protocols can have several modifications 
to address different challenges faced with material from 
different plant species, since plants differ substantially 
in their content of sugar, acids, or specialized metabo-
lites. An example of effective modifications that provide 
high molecular weight DNA for long read sequencing 
was applied in the study of Siadjeu et al., 2020, with an 
SRE kit to enhance long DNA fragments [34, 60]. The 
use of fresh plant material is essential, and young leaves 
are recommended due to a high ratio between the DNA-
containing nuclei and metabolites accumulated in the 
central vacuole. Keeping plants in the dark before extrac-
tion is recommended to prevent starch accumulation and 
reduce plastid content [61].

For some challenging plants, it may be necessary to 
perform nuclei isolation prior to DNA extraction to 
reduce the complexity of the biological system, such as 
the presence of specialized metabolites. Additionally, 
nuclei isolation can help reduce the amount of organelle 
DNA in the final sample [62–64]. This type of protocol 
involves disrupting cell walls and membranes while pre-
serving nuclear integrity, followed by the isolation of 
nuclei using density gradient centrifugation or filtration 
methods [63, 65–67]. Nuclei isolation has been shown 
to be especially beneficial for long-read sequencing 
technologies that require high-molecular-weight DNA, 
with applications demonstrating that nuclei-based DNA 
extraction protocols can produce larger DNA fragments 
with fewer contaminants [64, 67–70]. Another notable 
method is magnetic disk DNA extraction, which uses a 
silica-coated magnetic disk to isolate DNA through stan-
dard lysis, binding, washing, and elution steps. This pro-
tocol is recommended for applications that require high 
molecular weight DNA, as the disk-binding mechanism 
allows DNA to bind and release with minimal fragmenta-
tion [71–73].
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Step 3: library preparation and sequencing
Library preparation is a set of steps that converts puri-
fied nucleic acids into a collection of fragments ready 
for sequencing. In our hands, a ligation-based approach 
was most successful in generating data for plant genome 
assemblies. The process involves repairing the DNA 
before adapter ligation. An alternative approach aims at 
preserving longer fragments and prioritizing speed by 
omitting the DNA repair and adding the adapters through 
a transposase [74]. In our experience, the ligation-based 
approach results in substantially larger amounts of data, 
and filtering short reads allows us to improve the read 
length distribution. Although the successive sequencing 
of both strands of a DNA molecule is possible with dedi-
cated kits (duplex sequencing), this is usually not benefi-
cial for plant genomics. For ONT sequencing, the ideal 
is to retain the longest possible DNA throughout sample 
preparation and library protocol, maximizing read length 
and fully leveraging the platform’s capacity for very long 
reads [75].

Post library preparation, the library is loaded onto flow 
cells, and sequencing is initiated through the MinKNOW 
control software. Generated data is monitored in real-
time and can be analyzed during the sequencing run. The 
ideal run time depends on genome size, desired cover-
age, and flow cell health. For small genomes, a few hours 
are sufficient to achieve high coverage. It is important 
to monitor the flow cell’s health (available and actively 
sequencing pores) using MinKNOW to determine the 
best time to stop a run, as a flow cell can be washed and 
reused as long as the pores are available. Since sequenc-
ing is monitored in real time by MinKNOW, the run can 
be terminated when the required coverage is reached to 
save nanopores for the next sequencing project.

Step 4: Pore-C
Pore-C is a technique combining chromatin conforma-
tion capture (3 C) and nanopore long-read sequencing, 
similar to how Cifi is the combination of 3 C with PacBio 
HiFi sequencing [76]. The three-dimensional chromatin 
structures [77] can be characterized by Pore-C. Com-
pared to previously established 3 C techniques [78], 
Pore-C does not require DNA amplification steps prior 
to sequencing and displays a simpler and scalable method 
for chromatin analysis [79]. The provided protocol [67] 
represents an adapted end-to-end workflow demon-
strated to work well on the water lily Victoria cruziana. 

Completing all steps of the protocol takes three days (Fig. 
3). The first step is a chemical crosslinking of DNA and 
proteins, such as histones, which conserves the spatial 
arrangement within the nucleus. Compared to animal cell 
line cultures, plant samples require vacuum pressure for 
adequate infiltration of formaldehyde during the cross-
linking process. After a few infiltration periods, glycine is 
used to terminate the crosslinking reaction [80]. For plant 
samples, subsequent cryogrinding in liquid nitrogen is 
mandatory to disrupt the robust cell wall. For efficient 
chromatin denaturation, nuclei are isolated and per-
meabilized using various buffers. These buffers include 
components such as PVP-40 to remove phenolic com-
pounds [81] for nuclei permeabilization. Subsequently, 
a low-dose SDS dilution is utilized, combined with low-
heat incubation to ensure that crosslinked interactions 
are maintained as well as the accessibility for restriction 
enzymes [82]. By default, ONT suggests NlaIII as it is 
suitable for many species and generates high-density 
contact outputs with optimal fragment lengths. In the-
ory, an in silico analysis of restriction sites in the genome 
sequences could reveal areas of reduced cleavage within 
the genome or repeat-rich genomic regions to determine 
other restriction enzyme candidates. Obviously, this does 
not have practical relevance in genome sequencing proj-
ects aiming to generate a reference sequence for a new 
species. During overnight restriction enzyme incuba-
tion, clusters of DNA fragments, maintained in proxim-
ity through crosslinking, are formed, thereby preserving 
the native interactions present at the time of crosslinking. 
Based on the utilized restriction enzyme, either heat or 
chemical inactivation is performed before starting the 
proximity ligation. Following DNA ligase administra-
tion, the cohesive ends of the crosslinked and digested 
DNA are ligated into chimeric polymers [78, 82]. After 
completing ligation, remaining enzymes and proteins are 
degraded with proteinase K and SDS overnight, result-
ing in de-crosslinking and the release of chimeric Pore-C 
polymers as dsDNA [78, 83]. Finally, DNA obtained with 
the Pore-C protocol can be isolated using a phenol-chlo-
roform extraction with subsequent ethanol precipitation. 
The phenol-chloroform mixture removes the remaining 
peptides, whereas ethanol is utilized to purify DNA from 
retained buffers. Additional supplementation of 5 M 
NaCl and 3 M sodium acetate, pH 5.5, can enhance DNA 
precipitation [84]. After extraction, a mixture of chime-
ric dsDNA molecules that were originally in proximity is 

(See figure on previous page.)
Fig. 3  Illustration depicting the typical Pore-C workflow for plant samples. Steps performed on the first day are highlighted in green boxes and include: 
sample collection, crosslinking, cryogrinding, nuclei isolation, and permeabilization, followed by chromatin denaturation and digestion. Second-day 
procedures, indicated in blue boxes, involve proximity ligation as well as protein degradation and de-crosslinking. The final wet-lab step performed on 
the third day is DNA extraction, highlighted in yellow. Subsequent sequencing and data analysis steps are shown in grey. The chromatin is illustrated as 
three grey circles (proteins) surrounded by colored strands (DNA). The short black lines crossing the illustrated DNA strands mark the restriction enzyme 
cutting sites
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obtained. The processed DNA can now be used for size 
selection, followed by library preparation and sequenc-
ing. Protocols for these steps slightly deviate from the 
standard protocols aiming at the longest possible reads, 
as chimeric DNA fragments are likely to be substantially 
shorter [67].

Before library preparation (day 4+), DNA obtained 
using the Pore-C protocol undergoes an additional size 
selection step to enrich for fragments greater than 2 kb, 
which is necessary for optimal Pore-C data generation. 
This method was originally published by Schalamun & 
Schwessinger, 2017, and was adapted in the context of 
Pore-C fragment size selection [85, 86]. The method is 
based on solid-phase reversible immobilization (SPRI) in 
which coated paramagnetic beads are utilized to revers-
ibly bind nucleic acids [87], for example, AMPure XP 
beads (Beckman Coulter). For the size selection process, 
a custom-prepared buffer with, e.g., AMPure XP beads 
containing PEG 8000 is utilized. PEG 8000 is responsi-
ble for the selective DNA precipitation, whereas smaller 
fragments are recovered in higher PEG 8000 concentra-
tion and larger fragments within a lower concentration 
[88]. Therefore, an accurate adjustment of PEG 8000 in 
the custom SPRI solution is crucial to ensure optimal 
Pore-C fragment selection [89]. However, to maximize 
the output of chimeric Pore-C fragments, it is recom-
mended to use 0.85X volume of the custom prepared 
SPRI ratio after appropriate DNA dilution. Prior to 
library preparation, it is recommended to re-quantify the 
DNA, as an approximate loss of 50% should be expected 
[90]. For library preparation, the ligation sequencing kit 
V14 (SQK-LSK114) can be used with minor variations 
regarding the DNA repair and end-prep steps [91].

Step 5: basecalling
Nucleic acids are measured as they pass through a pro-
tein nanopore, generating an electrical signal that reflects 
the chemical composition of the nucleotides within the 
pore [92]. This signal fluctuates over time as the move-
ment of the nucleic acid alters the nucleotides positioned 
within the nanopore. Basecalling is the computational 
step that converts the measured electrical signals into 
nucleotide sequences that can be used in further analysis. 
Dorado is the latest basecalling software package from 
ONT, built on highly optimized deep neural networks 
that feature both simplex and duplex basecalling modes 
[93]. Specific models need to be used depending on the 
flow cell type and sequencing chemistry (example com-
mands in Additional file 1, Step 5). The input format is 
POD5 and the output format is FASTQ. Dorado provides 
modification detection capabilities that are valuable for 
plant epigenomics research since it can detect nucleotide 
modifications like 5-methylcytosine (5mC), 5-hydroxy-
methylcytosine (5hmC), and N6-methyladenosine (6 

mA) directly from raw nanopore signals [94]. Since the 
technology is capable of measuring any modification, it 
is also possible to develop customized models to detect 
other DNA modifications. Plant genome studies have 
demonstrated that sequence reads produced by Dorado 
basecalling support high-quality chromosome-scale 
assemblies and precise DNA methylation analysis [33, 95, 
96].

However, it is important to note that Dorado’s models 
require a powerful GPU to run efficiently, which can be 
a significant challenge for many users who may not have 
access to high-performance computational resources 
locally. To address this limitation, groups without the 
necessary hardware for bioinformatic analyses can access 
cloud computing resources for the computationally chal-
lenging steps of genomic analyses. Resources dedicated 
to academics are usually more affordable options and 
sometimes free of charge. For example, at the national 
level, the German Network for Bioinformatics Infrastruc-
ture (de.NBI) offers free access to cloud-based computing 
resources and training for researchers, facilitating data 
analysis without the need for local hardware or advanced 
computer knowledge. ELIXIR [97] provides support 
across Europe, while CyVerse [98] can be a valuable 
resource for researchers in the USA. If no such ‘academic 
resources’ are available, commercial computing services 
can be used. Users often pay based on their usage and do 
not book specific hardware. This makes hardware auto-
matically scalable to the requirements.

Step 6: read correction
Although the accuracy of ONT raw reads has substan-
tially improved to > 99% (Phred score > 20, Q20+) over 
the last years, further correction can be helpful. There-
fore, sequences obtained through basecalling can be 
corrected prior to assembly. Several assembly tools, 
such as NextDenovo [99], HiCanu [100], and Hifiasm 
[101], utilize an all-vs-all read comparison for correc-
tion before the actual assembly process. An alternative 
is HERRO [102], which allows a correction of the reads 
before an assembly. Notably, HERRO was developed to 
be haplotype-aware, enabling chromosome-scale assem-
blies using HERRO-corrected reads without the need for 
additional data (example commands in Additional file 1, 
Step 6). A critical factor in this process is the availability 
of longer reads, exceeding 100 kbp [103]. While HERRO 
supports both R9.4.1 and R10.4.1 ONT simplex reads, it 
is recommended to use it exclusively for R10 reads, par-
ticularly given that the developers classify their R9 model 
as experimental.

Step 7: genome sequence assembly
The reads generated during sequencing typically do not 
represent an entire native chromosome and are subject 
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to varying degrees of error. To accurately reconstruct the 
genome sequence, assembler tools require information 
on how to connect the reads, which is primarily derived 
from overlaps between them. Consequently, each seg-
ment of the genome must be represented multiple times 
within the reads. Errors at specific positions in the reads 
may occur in only a small fraction of them and can be 
corrected during the assembly process. However, hap-
lotype-resolving assembly programs must be carefully 
calibrated to avoid misinterpreting native differences 
between haplotypes as sequencing errors.

Typically, these assembly tools integrate sequence 
alignment and graph theory-based algorithms to assem-
ble the reads into larger units known as contigs (con-
tiguous sequences). Current state-of-the-art long-read 
assemblers include Shasta [104], NextDenovo [99], 
Verkko2 [105], and Hifiasm [101]. Shasta is recognized 
for its rapid processing speed, making it suitable for 
preliminary assessments during sequencing projects to 
determine whether the sequencing reads are adequate 
or if additional data generation is necessary. Hifiasm was 
initially developed for PacBio HiFi reads, but has been 
updated to support ONT R10 simplex reads as well since 
version 0.21.0-r686 [106]. Verkko2 offers the capability 
to incorporate Pore-C reads, which are utilized exclu-
sively for non-haplotype-aware scaffolding following the 
primary assembly process. Different assemblers are opti-
mized for different types of data and genome characteris-
tics. Based on our experience with multiple plant genome 
sequencing projects, Shasta performs well on high-
coverage, high-accuracy R10 HERRO-corrected reads, 
exhibiting extremely fast runtimes. However, it may pro-
duce more fragmented assemblies (lower N50 values) 
for repeat-rich plant genomes. NextDenovo is not yet 
optimized for high-accuracy R10 reads but excels on R9 
data, generating highly contiguous assemblies even with 
moderate coverage [35, 107]. According to the authors, 
Verkko2 can generate telomere-to-telomere (T2T) 
assemblies when combining ONT reads (preferably read 
lengths > 100 kb) with PacBio HiFi reads in a hybrid 
approach [105]. However, in our experience, it performs 
suboptimally on ONT-only moderate coverage datasets. 
Hifiasm performs well on high-coverage, high-accuracy 
ONT R10 reads and can generate haplotype-resolved 
assemblies when phasing information is available, which 
is particularly beneficial for heterozygous genomes. In 
absence of phasing data, it still produces highly contigu-
ous primary assemblies. Given these differences, it is 
advisable to deploy multiple assemblers (example com-
mands in Additional file 1, Step 7) and select the best 
assembly based on comprehensive quality metrics (dis-
cussed in the next section), tailoring the choice to the 
species and dataset at hand.

The reconstruction of organellar genomes remains 
technically challenging for the chondrome, due to its 
structural complexity, extensive repeats, and frequent 
recombination events [108]. In contrast, the plastome 
is highly conserved across species and can typically be 
assembled without major difficulty [109]. Several organ-
elle-aware assembly tools have been developed, many 
of which rely on the availability of a suitable reference 
sequence. For plastomes, ptGAUL provides a dedicated 
long-read–optimized assembler capable of accurately 
resolving plastid genomes from noisy or heterogeneous 
datasets [110]. For mitochondrial genomes, PMAT was 
specifically developed for the de novo assembly of plant 
chondrome sequences using PacBio HiFi data but can 
also utilize ONT reads [111]. MitoHiFi offers a workflow 
tailored to PacBio HiFi reads and can assemble chon-
drome sequences either directly from raw reads or from 
mitochondrial contigs extracted from whole-genome 
assemblies [112]. Similarly, GetOrganelle, developed 
for short-read data, can also reconstruct both plastid 
and mitochondrial genomes from long read sequencing 
derived assembly graphs [113].

Post assembly, it is possible to correct sequence errors 
in the obtained draft assembly using polishing tools like 
NextPolish2 [114], medaka [115], or Racon [116]. These 
polishing tools correct any errors that were introduced 
during the de novo assembly process. However, the lead-
ing long-read assembler Hifiasm maintains that it does 
not require further polishing steps.

Step 8: assembly evaluation
Once an assembly is obtained, it is essential to evaluate its 
quality to determine if it meets the project requirements. 
Assembly quality can be assessed across three major 
dimensions: continuity, completeness, and correctness.

The contig or scaffold N50 is the most commonly used 
metric for assessing assembly continuity, as it reflects 
the length distribution of assembled sequences. It is cal-
culated by sorting all contigs or scaffolds in descending 
order by length and identifying the shortest sequence 
among those that collectively comprise at least 50% of 
the total assembly size. A higher N50 length, approaching 
the expected length of a chromosome, signifies greater 
assembly continuity. Related metrics such as N90 (using a 
90% threshold) can provide further insights into the con-
tinuity of the assembly.

For assembly completeness, Benchmarking Universal 
Single-Copy Orthologs (BUSCO) [117] and LTR Assem-
bly Index (LAI) [118] can be used. BUSCO measures the 
presence of highly conserved reference orthologous genes 
in the target genome sequence. It is essential to select a 
lineage-specific dataset, as more specific datasets encom-
pass more reference genes, allowing for a more granular 
benchmark. Given that these datasets typically include 
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genes that are present in 90% of the species within the 
specified lineage, a BUSCO score of 90% indicates that 
the assembly is likely to be of high completeness. Addi-
tionally, the BUSCO report provides information on 
the number of genes found to be duplicated. Analyzing 
these duplicated genes can offer insights into the ploidy 
status of the sequenced material, particularly when the 
percentage of duplicates approaches the overall percent-
age of genes identified. However, since BUSCO relies 
on gene prediction tools, it can overestimate complete-
ness by incorrectly identifying fragmented and dupli-
cated BUSCOs as complete [117], and there is a risk that 
future assembly and annotation tools might be optimized 
towards high BUSCO scores. LAI, on the other hand, 
estimates the assembly completeness by calculating the 
percentage of intact LTR-retrotransposons (LTR-RT) in 
the repetitive regions, which are known to be challeng-
ing to resolve in an assembly. This is particularly useful in 
plant genomes, which often contain a high proportion of 
LTR-RTs, and has gained popularity recently. Addition-
ally, comparing the assembly size to the expected genome 
size is an important complementary check. If the assem-
bly size is significantly smaller than expected, it may be 
incomplete, and additional sequencing data might be 
needed. Conversely, if the assembly size is substantially 
larger (e.g., ~2x or 4x), this may indicate that the genetic 
material is polyploid relative to the anticipated genome 
size. It is also important to consider that the assembly 
may inadvertently resolve haplotypes (fully or partially) 
even when such resolution is not desired, resulting in an 
assembly size that is approximately twice the expected 
size. In contrast, the assembly may be roughly half the 
expected size if haplotypes are merged. MGSE (Map-
ping-based genome size estimation) has been observed 
to work well for genome size estimation based on long 
reads, but requires an initial assembly [119].

Correctness assesses base-level accuracy and structural 
integrity. For phased assemblies, two metrics are particu-
larly relevant: hamming error and switch error. Ham-
ming error is defined as a misplaced allele on a contig and 
can be estimated as the proportion of haplotype-specific 
k-mers incorrectly assigned to the wrong haplotype. A 
switch error is defined as the change from one parental 
haplotype to another in a contig. Yak [120] is a widely 
used k-mer based tool that estimates switch error and 
hamming error for phased assemblies. Reference-free, 
k-mer–based approaches such as Merqury [121] pro-
vide highly accurate estimates of consensus quality (QV 
scores) by comparing k-mers from high-accuracy short 
reads to those present in the assembly. Merqury also 
quantifies phasing accuracy, like switch error and ham-
ming error, when haplotype-resolved assemblies are 
available. QUAST [122] can further evaluate both base-
level and structural correctness, although its accuracy 

improves when a high-quality, closely related reference 
genome sequence is provided. For long-read assemblies, 
Inspector [123] offers a broad assessment of assembly 
errors at multiple scales, including large rearrangements, 
InDels, and phasing switches. More recently, CRAQ 
(Clipping information for Revealing Assembly Quality) 
[124] introduced a reference-free framework leveraging 
both short- and long-read alignments to identify single-
nucleotide level errors and structural misjoins, with the 
added capability of guiding contig correction through 
breakpoint detection.

In summary, evaluating all three aspects, continuity, 
completeness, and correctness, is essential for interpre-
tation and improving a genome assembly (example com-
mands to run all mentioned tools in Additional file 1, 
Step 8). We recommend using multiple tools to capture 
the full picture of assembly quality and make an informed 
decision.

Step 9: scaffolding with Pore-C data
Although modern sequencing technologies increasingly 
enable chromosome-scale assemblies composed of long 
contigs, achieving this level of continuity is not always 
feasible. Following assembly, an additional step called 
scaffolding links contigs into larger sequences known 
as scaffolds. Contigs in scaffolds are typically intercon-
nected by multiple “N” bases, which denote an unknown 
quantity and types of nucleotides at those positions. Scaf-
folding can be reference-assisted, utilizing a reference 
genome sequence from the same or closely related spe-
cies, or it can be enhanced by supplementary data, such 
as chromosome conformation capture data.

In the context of long-read genome sequencing proj-
ects, Pore-C data plays a crucial role in scaffolding 
assemblies to a chromosome-scale resolution if individ-
ual contigs do not represent entire chromosomes. Due to 
their chimeric nature, Pore-C reads consist of multiple 
(potentially) distant monomeric sequences [78]. How-
ever, the likelihood of these disparate sequences being in 
spatial proximity is increased when they originate from 
the same chromosome and, consequently, from the same 
haplotype [125]. This probability is leveraged during scaf-
folding. The relationships of contigs can be visualized 
using a contact map, which highlights the co-occurrences 
of sequences. Furthermore, Pore-C data facilitates the 
resolution of haplophases, a process known as phasing, 
which can produce assemblies that more accurately rep-
resent the distinct haplotypes. Tools that leverage Pore-C 
data, such as the CPhasing tool [126], typically generate 
a contact map, offering a comprehensive overview for 
assessing the status of scaffolding.
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Step 10: structural annotation
Genome sequence assembly, once the bottleneck of 
genomics, has now become a routine task. The next 
and more crucial step is to make sense of these mas-
sive strings of A’s, T’s, C’s, and G’s by identifying genes. 
A gene is defined as a nucleotide sequence that encodes 
a functional product, which may be either a protein or 
RNA. This gene prediction process is also referred to as 
structural annotation. Three major approaches are com-
monly employed for gene prediction: (a) homology-based 
predictions using known gene sequences from closely 
related species, (b) ab initio gene prediction using intrin-
sic sequence features, and (c) evidence-based predic-
tions incorporating transcriptomic and/or proteomic 
hints from the same species (Fig. 4). For protein-coding 
genes, the primary challenge is accurate identification of 
the exon-intron boundaries, i.e., the splice sites, and the 
extent of the untranslated regions at the 5’ and 3’ ends. 
RNA-seq data provide critical evidence for gene predic-
tion, ideally using cDNA-derived sequences from the tar-
get species, available from public databases such as NCBI 
SRA [127] or generated de novo if necessary. For homol-
ogy-based annotation, gene models from closely related 
species serve as valuable references. GeMoMa [128] uti-
lizes a homology-based approach, integrating MMseqs2 
[129] for fast alignments, and optionally incorporating 
RNA-seq data to improve splice site detection. We rec-
ommend selecting high-quality annotations from the 
closest species available, preferably within the same fam-
ily, and expanding taxonomic distance only if no closer 
high-quality references are available. BRAKER [130] is a 
widely used tool offering flexible combinations of ab ini-
tio, homology, and transcriptomics-based evidence. It 
uses GENEMARK-ETP [131] and AUGUSTUS [132] for 
gene model training. Similarly, Funannotate [133] inte-
grates multiple tools such as Trimmomatic [134], Trin-
ity [135], PASA [136], HISAT2 [137], and Kallisto [138] 
for transcriptome processing, followed by AUGUSTUS 
[132], GlimmerHMM [139], SNAP [140] for prediction, 
and EvidenceModeler [141] for consensus gene model 
generation. In our experience, across multiple plant spe-
cies, BRAKER provides faster runtimes and better per-
formance compared to Funannotate when evaluated 
using BUSCO scores as a proxy for annotation quality 
[142].

In exceptional cases where transcriptomic data is 
unavailable and generating new data is not feasible, 
multi-species RNA-seq mapping (preferably within the 
same genus or at least the same family) has been seen to 
improve annotation quality alongside homology-based 
predictions [142]. The ab initio approach should mainly 
be reserved for non-model species lacking transcrip-
tomic data and high-quality annotations from closely 
related taxa [143–145]. Helixer [146] and Tiberius [147] 

are two modern ab initio gene prediction tools for struc-
tural annotation that utilize deep-learning approaches. 
The most accurate and complete annotations are typically 
achieved by combining multiple approaches, especially 
homology and transcriptome-based approaches [33, 
142]. For ease and accuracy, we recommend combining 
GeMoMa and BRAKER predictions, followed by filtering 
with GeMoMa Annotation Filter (GAF) to obtain a high-
confidence gene set (see Additional file 1, Step 10.1.5 for 
example commands).

Since there is no truly “perfect” genome annota-
tion available and some genes can be species-specific, 
assessing the validity or near-completeness of a genome 
annotation is tricky. A simple yet effective strategy is to 
compare the BUSCO score of the genome assembly with 
that of the produced annotation, using the same lin-
eage dataset and parameters. A well-annotated genome 
sequence typically leads to a BUSCO completeness score 
within ± 2% of the assembly score, indicating that the 
annotation successfully recovered nearly all genes that 
BUSCO detected in the assembly. Additionally, visual 
inspection of predicted gene models using a genome 
browser like Integrative Genomics Viewer (IGV) [148], 
ideally along with RNA-seq alignments (in BAM format), 
provides qualitative validation.

In plants, protein-coding genes often account for only 
~ 1–10% of total genome size. The majority of the plant 
genome consists of non-coding DNA, including trans-
posable elements (TEs), regulatory elements, and various 
classes of non-coding RNAs (ncRNAs). Accurate identi-
fication of these genomic components is equally impor-
tant. For transposable element annotation, the Extensive 
de novo TE Annotator (EDTA) [149] pipeline provides a 
comprehensive, automated solution by integrating sev-
eral high-performing TE annotation tools with appropri-
ate filtering steps. For non-coding RNAs, Infernal [150] 
offers a sensitive and efficient method for homology-
based detection of ncRNAs. Additional specialized tools 
include tRNAscan-SE [151] for tRNAs, SSU-ALIGN 
[152] and RNAmmer [153] for rRNA annotation, among 
others.

For the annotation of organellar genome sequences, 
the web tool GeSeq employs multiple other tools for 
structural and functional annotation and can gener-
ate a visualization of the annotated organellar genome 
sequence [154]. Alternatively, chondrome annotation can 
be conducted with PMGA and plastome annotation with 
CPGAVAS2, each available as a webtool and for local 
installation [155, 156].

Step 11: functional annotation
With the rapid progress in long-read sequencing and 
the frequent release of new plant genome sequences, 
understanding the functions of genes as the genetic units 
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Fig. 4  The data analysis steps in a genome sequencing project can be broadly categorized into assembly, structural annotation, and functional annota-
tion. After sequencing and genome assembly, the next step is to efficiently annotate the genome sequence. A genome comprises not only protein-cod-
ing genes but also non-coding genes, such as ncRNAs and transposable elements (TEs). Non-coding genes can be annotated either through sequence 
homology, using known sequences from literature and databases, or more reliably via de novo structural annotation, which leverages known sequence 
patterns and, in the case of ncRNAs, secondary structure and pairing relationships. For protein-coding genes, multiple approaches like ab initio predic-
tions, homology-based predictions, and evidence-based predictions can be combined to generate a high-confidence gene set. Functional annotation 
can be achieved by transferring annotations from homologous sequences and integrating them with knowledge of conserved domains and residues, 
resulting in more reliable functional assignments. Abbreviations: ncRNA, non-coding RNA; TE, transposable element; ORF, open reading frame; TSS, tran-
scription start site; UTR, untranslated region; LTR, long terminal repeat
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becomes the new challenge [157]. The classical approach 
of knocking out genes and investigating the mutant phe-
notype is not suitable for all plant species and is not scal-
able. Therefore, alternative approaches like the inference 
of gene functions based on orthology are required. The 
underlying assumption is that orthologs, the same gene in 
different species, have still maintained the same function 
since their split in the last common ancestor. A number 
of tools utilize sequence similarity as a proxy for orthol-
ogy, as it can be easily measured with tools like BLAST 
[158] or DIAMOND [159]. Reciprocal best BLAST hits 
(RBHs) are a popular strategy to improve the accuracy of 
ortholog identification via local sequence similarity anal-
ysis without generating prohibitive computational costs 
[160]. The identification of conserved domains allows for 
inferring functional annotation beyond orthologs. An 
established tool that can integrate protein domain infor-
mation from different databases is InterProScan5 [161]. 
When it comes to well-characterized enzymes, detailed 
knowledge about functionally important amino acid resi-
dues, e.g., in the active center, can be utilized [162]. For a 
general annotation, the annotate function of the Funan-
notate pipeline [133] offers a comprehensive solution 
by integrating diverse resources. It can pull and com-
bine functional information from PFAM [163], InterPro 
[164], EggNog [165], UniProtKB [166], MEROPS [167], 
CAzyme [168], GO terms [169], and user-provided cus-
tom annotations. Additionally, Funannotate can pro-
duce NCBI submission-ready files, making it useful for 
genome projects aiming at public deposition.

Step 12: data submission
After sequencing and data analysis, the resulting data 
should be made publicly available to comply with the 
FAIR data principles [170]. Open data is important to 
maintain trust in the analysis results by enabling others 
to reproduce findings and also to enable future data reuse 
studies [171, 172]. Releasing the electrical signal data 
would allow future studies to benefit from improvements 
in basecalling algorithms, which might lead to new dis-
coveries within the same dataset. Additionally, the reads 
generated through basecalling should be made avail-
able to facilitate re-use without computationally expen-
sive basecalling. Typically, this can be accomplished by 
submitting data to one of the databases of the INSDC, 
namely ENA [173], SRA [127], or DRA [174]. The basic 
structure of an INSDC data submission is organized into 
a BioProject that contains BioSample(s) and sequencing 
runs. For ONT reads, data of a sequencing run include 
POD5 (electrical signal data) and FASTQ files (reads). 
Furthermore, a project may encompass analysis objects 
or elements that represent genome assemblies and anno-
tation data. Genome assemblies can be submitted as 
FASTA files. Submission of annotated genome sequences 

to the INSDC databases necessitates that a locus tag 
must be registered for the study, and the data is format-
ted according to the database specifications. However, 
before formatting, the annotation must be in a valid 
GFF3 format, free of structural errors. We recommend 
using AGAT toolkit’s [175] agat_convert_sp_gxf2gxf.pl 
script to standardize the GFF3 file, followed by agat_sp_
fix_features_locations_duplicated.pl to remove features 
with duplicated locations, which are commonly flagged 
by ENA and NCBI. Some issues, such as incorrect exons, 
often require manual curation, and it is advisable to 
inspect and manually update erroneous gene model(s) 
before submission. The structural (and functional, if 
available) annotation results formatted in GFF3 must be 
integrated with the assembly FASTA into the appropri-
ate submission format, i.e., .tbl file for NCBI submission 
or an EMBL flat file format for ENA. This can be accom-
plished using the Genome Annotation generator (GAG) 
[176] for NCBI or the EMBLmyGFF3 tool [177] for ENA. 
As INSDC members synchronize their data daily, submis-
sions to any one database are accessible through all three. 
For NCBI submission, the resulting .tbl needs to be con-
verted to .ASN format using table2asn, which also out-
puts validation and discrepancy reports, which should be 
thoroughly reviewed and corrected. Similarly, for EMBL 
submission, the validation can be done using Webin-CLI. 
Final submissions are made via the NCBI submission 
portal [178] (web interface) or through Webin-CLI (com-
mand-line interface) [179] for ENA. Once submitted, the 
assemblies undergo automated validation checks, and if 
no significant issues are found, the submission is assigned 
an accession number and becomes publicly accessible.

Summary
Here we provide a practical and comprehensive guide to 
plant genomics, covering the entire workflow from proj-
ect planning to data submission. We begin by outlining 
strategies for evaluating existing genomic data and esti-
mating required resources, ensuring project efficiency. 
We then detail optimized protocols for high-quality 
DNA extraction, adapted to long-read sequencing tech-
nologies, followed by best practices for library prepara-
tion. The subsequent sections address genome assembly 
and structural and functional annotations to transform 
sequence data into relevant biological information. 
Finally, we address data submission procedures and 
recommend best practices to ensure robust and repro-
ducible plant genomics research. To facilitate practical 
application, we provide a comprehensive ‘cheat sheet’ 
with specific command-line interface (CLI) commands 
in the Additional file 1 [22] covering all key steps of the 
workflow discussed in this review. Given that the major-
ity of land plant species remain unsequenced, this field is 
expected to remain dynamic and expansive. This review 
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offers a timely and practical framework for researchers to 
initiate and execute long-read plant genome sequencing 
projects effectively, laying a strong foundation for future 
functional and evolutionary studies, as well as practical 
applications in agriculture, biotechnology, and beyond.
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