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Brassica genus 

The genus Brassica currently consists of 38 species and numerous varieties, many of 
which are important crops or weeds (Cheng et al., 2013). Six major economically 
important interrelated species from the Brassica genus make up the so-called 
“Triangle of U” (Nagaharu, 1935b). These species include three diploids Brassica 
rapa (AA, 2n=20), Brassica nigra (BB, 2n=16), Brassica oleracea (CC, 2n=18) and 
three allotetraploids formed by pairwise hybridization between the three diploids, 
Brassica juncea (AABB, 2n=36), Brassica napus (AACC, 2n=38) and Brassica 
carinata (BBCC, 2n=34). Each of these six species encompasses many widely 
cultivated crops, making them an ideal model for polyploidy and evolutionary studies.  

Whole genome triplication and subgenomes 

It was estimated that the Brassica ancestor diverged from the Arabidopsis thaliana 
lineage ~14.5 million years ago (MYA) (Yang et al., 1999, Town et al., 2006, 
Beilstein et al., 2010, Wang et al., 2011b, Cheng et al., 2017). After this divergence, 
Brassica genomes have experienced the common Brassiceae-specific whole genome 
triplication (WGT) event  ~11 MYA (Lysak et al., 2005, Wang et al., 2011b, Liu et 
al., 2014a, Parkin et al., 2014a), which is confirmed by extensive comparative 
analyses between genome sequences of Brassica species and A. thaliana (Wang et al., 
2011b, Chalhoub et al., 2014, Cheng et al., 2014, Liu et al., 2014a, Parkin et al., 
2014a). Rediploidization processes following the WGT, such as extensive gene 
fractionation, genomic reshuffling and chromosome reduction, shaped the genome 
structure of the extant diploid Brassica species (Cheng et al., 2014). The extant 
Brassica diploid genomes are expected to consist of three subgenomes due to the 
WGT. Indeed, these three subgenomes, the least fractionated (LF), the medium 
fractionated (MF1) and the most fractionated (MF2) subgenome, have been identified 
and they were demonstrated to have evolved from a common translocation Proto-
Calepineae Karyotype (tPCK) ancestral diploid genome (Cheng et al., 2013, Cheng 
et al., 2014). A “two-step theory” explaining the WGT process in Brassica was 
proposed, which suggests a tetraploidization event between the tPCK genomes of 
MF1 and MF2, followed by fractionation and a subsequent hybridization event 
between the diploidized genome and a third tPCK genome of LF (Cheng et al., 2012a, 
Cheng et al., 2014, Cai et al., 2021).  

Divergence time between major Brassica species 

Genome sequencing of Brassica species enabled the estimation of divergence time 
between the diploids and formation time of the allotetraploids. Synonymous 
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substitution (Ks) analysis indicated an emergence time of ~6.5 MYA for B. nigra 
(Cheng et al., 2017). B. rapa and B. oleracea were estimated to diverge ~4.6 MYA. 
The formation time of B. napus were ~7500 and 38,000-51,000 years ago, based on a 
Ks estimation and a Bayesian Markov chain Monte Carlo (MCMC) simulation, 
respectively (Chalhoub et al., 2014, Yang et al., 2016, Lu et al., 2019). B. juncea was 
deduced to have formed 39,000-55,000 and 72,000-80,000 years ago in two 
independent studies (Yang et al., 2016, Song et al., 2021b). Very recently, a high-
quality genome of B. carinata became available and it was estimated that B. carinata 
formed about 45,000-49,000 years ago (Song et al., 2021b). Song and colleagues 
(Song et al., 2021b) concluded that the formation of B. carinata is slightly earlier than 
B. napus but later than B. juncea. 

Glucosinolates in Brassica 

Brassica crops vary extensively in their metabolite content and composition, which is 
especially studied for the Brassica-specific class of glucosinolates (GSLs). GSLs are 
a group of secondary plant metabolites comprising sulfur and nitrogen, which are 
almost exclusively found in the order of Brassicales (Halkier and Gershenzon, 2006, 
Harun et al., 2020). To date, more than 130 GSL structures have been scientifically 
documented (Petersen et al., 2018, Harun et al., 2020). Based on the precursor amino 
acid, GSLs can be classified into three categories: aliphatic, aromatic and indole GSLs 
(Mithen et al., 2000, Halkier and Gershenzon, 2006, Sønderby et al., 2010, Zhang et 
al., 2015b). GSLs and their breakdown products attract interest for extensive studies 
because their activated forms play important roles in defense against pathogens and 
pests and have health benefits for humans in consumed Brassica’s (Zhang et al., 
2015b, Harun et al., 2020). GSLs protect the plant from insect and pathogen damage 
through the hydrolysis products that are deterrent or toxic to attackers (Petersen et al., 
2018). For human health, some GSL hydrolysis products, such as isothiocyanates 
(ITCs), have been shown to be involved in lowering the risk of myocardial infarction 
and several kinds of cancer (Petersen et al., 2018). However, not all GSL hydrolysis 
products are beneficial for humans and farm animals that eat feed containing Brassica 
seed meal. One example is progoitrin, which exists in several Brassica species, 
displaying anti-thyroid activity and promoting goitre disease (Voorrips et al., 2000, 
Bonnema et al., 2019). Also, GSLs provide a series of tastes like bitterness and 
pungency. Breeding Brassica variety with tailored GSL content and composition 
requires more fundamental knowledge of genetic loci that control GSL biosynthesis 
and storage in these crops.    

Brassica oleracea  
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B. oleracea consists of many subspecies that are usually referred to as morphotypes, 
which exhibit enormous diversity in their appearances, including var. capitata 
(cabbage), var. botrytis (cauliflower), var. italica (broccoli), var. gongylodes 
(kohlrabi), var. gemmifera (Brussels sprouts), var. viridis (Collard green), var. 
alboglabra (Chinese kale), var. costata (Tronchuda kale), var. acephala (bore and 
curly kale, marrow stem kale, etc), var. acephela (ornamental kale), etc (Fig. 1) (Kole 
and Henry, 2010, Bonnema et al., 2011, Dias, 2012, Guo et al., 2019). Despite this 
enormous diversity, B. oleracea truly remains one species and morphotypes can be 
interbred. Although the resulting progenies of inter-morphotype crosses, for example 
aiming to introgress resistances across crops, are usually viable, problems like reduced 
recombination and sterility are often met. 

 

Fig. 1 Phenotype diversity of Brassica oleracea morphotypes. 

Morphological characters of B. oleracea crops 

Domesticated B. oleracea morphotypes are important vegetable and fodder crops, 
with several crops cultivated almost worldwide (i.e. cabbage, cauliflower, broccoli). 
Some other crops are cultivated only in specific countries depending on local 
preferences, such as Tronchuda’s in Portugal and Collards in the USA. Wild B. 
oleracea plants form a strong stem with large waxy leaves, and only flower after 
several winters (Crozier, 1891, Kole and Henry, 2010, Bonnema et al., 2011). Unlike 
the wild plants, domesticated B. oleracea crops are usually grown as annual or 
biennial plants and form their own distinguishable morphological characteristics, as a 
result of human selection during domestication and breeding. As such, cabbages are 
characterized by a round or pointed head that is made of leaves surrounding the 
terminal bud (Maggioni, 2015). Brussels sprouts are axillary buds, resembling tiny 
cabbage heads, that form at the base of each leaf, alongside a long, spiral stem. 
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Broccoli and cauliflower are characterized by the typical curd formed by large arrested 
inflorescences. The edible portion of broccoli is the florets, which are actually the 
large branching green undeveloped flower buds. The edible head of cauliflower is 
actually a mass of abortive flowers. The edible part of kohlrabi is the erect stem of 
kohlrabi, which is swollen at the bottom of the plant. Many other B. oleracea crops 
are mainly characterized by their different shapes of fleshy leaves, such as collard 
green, Chinese kale, tronchuda kale, bore and curly kale, marrow stem kale, 
ornamental kale, etc.  

Domestication of B. oleracea 

Wild B. oleracea, its domesticated crops and their closely-related wild relatives (wild 
‘C9 species’, i.e. Brassica incana, Brassica cretica, Brassica villosa, Brassica 
macrocarpa and Brassica rupestris) all belong to the so-called ‘C-genome group’ 
characterized by nine pairs of chromosome (Maggioni, 2015). Wild B. oleracea can 
be found along the Atlantic and Mediterranean coasts. Wild ‘C9 species’ mainly occur 
in the Mediterranean region, particularly in Sicily and Greece (Snogerup et al., 1990, 
Tribulato et al., 2017). However, the domestication history (origin, timing and route) 
of cultivated B. oleracea is still unclear. Both Northwestern Europe and 
Mediterranean/Middle East have been hypothesized as potential regions of origin 
(Maggioni et al., 2018). Based on evidence from ancient literatures, it is more likely 
that cultivated B. oleracea originated from the Mediterranean/Middle East (Kole and 
Henry, 2010, Maggioni et al., 2018). Besides, Mabry and colleagues recently 
investigated the evolutionary history of B. oleracea using mRNA-seq data of 224 
accessions representing 14 different B. oleracea crop types and nine potential wild 
progenitor species (Mabry et al., 2021). They identified B. cretica as the closest living 
relative of cultivated B. oleracea, supporting an origin of cultivation in the Eastern 
Mediterranean region (Mabry et al., 2021). With regard to domestication route, one 
hypothesis is that kales were the earliest cultivated form of B. oleracea by the Celts 
along the Atlantic and Mediterranean coasts (Gómez-Campo and Prakash, 1999). 
Subsequently, they were brought to the East Mediterranean region (first and second 
millenia BC) to become domesticated with an explosive diversification of the 
cultivated forms. Another hypothesis is that several kales were already distinguished 
and these diverse kales were introduced to the Middle East through tin trade routes 
(Bronze Age, around 3300-1000 BC) from Spain and the British islands to the 
Phoenicians (present-day Libanon) (Penhallurick, 2008, Berger et al., 2019). In 
ancient writings, the earliest descriptions of kales are from the Greek scholar 
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Theophrastrus (370-285 BC), suggesting that domestication of B. oleracea can date 
back to as early as around 400 BC. 

Genome sequencing 

Revolutions of sequencing technology 

The past few decades have seen several rounds of technological revolution in DNA 
sequencing. The first revolution came with the advent of Sanger sequencing, which 
allows deciphering of complete genome sequences for the first time (Sanger et al., 
1977, Van Dijk et al., 2018). This technology was considered the gold standard for 
DNA sequencing for the next 25 years since 1977 (Sanger et al., 1977, Grada and 
Weinbrecht, 2013). Its read lengths typically range between 600 and 800 bp and the 
base accuracy is high with only 0.01% error rate (Mardis, 2017). However, the major 
drawback is that this technology is too labour-intensive, time-consuming and 
expensive for large-scale sequencing projects (Van Dijk et al., 2018). Sanger 
sequencing was used in the 13-year-long (1990-2003) and very expensive ($3 billion 
costs) Human Genome Project (HGP) (1990-2003) (Olsen et al., 2001, Venter et al., 
2001, Grada and Weinbrecht, 2013). Starting from 2005, the second revolution came 
with the appearance of next-generation (NGS) sequencing technologies, also known 
as short-read sequencing technologies. The advent of NGS was driven by the 
increasing demand for cheaper and faster sequencing methods since the completion 
of HGP (Grada and Weinbrecht, 2013, Van Dijk et al., 2018). NGS technologies can 
provide extremely high throughput data and dramatically decrease the sequencing 
costs. Additionally, the base accuracy is also very high with error rates of 0.1-0.25% 
(Demirci, 2021). As a consequence, they almost completely superseded Sanger 
sequencing (Shendure et al., 2017). However, the major limitation of NGS is the short 
read length, only ranging from 2 x 100 bp to 2 x 300 bp for paired-end reads depending 
on current Illumina sequencing platforms. After several years of competition among 
various commercial companies, the NGS market is currently dominantly occupied by 
Illumina (Van Dijk et al., 2018). Shortly after the occurrence of NGS, the third DNA 
sequencing revolution came, marked with the advent of long-read sequencing 
technologies, also known as third-generation sequencing (TGS), which are 
characterized by single-molecule sequencing and sequencing in real time (Schadt et 
al., 2010, Van Dijk et al., 2018). Two representatives of TGS are ‘Pacific Biosciences’ 
(PacBio) single-molecule real-time (SMRT) sequencing and ‘Oxford Nanopore 
Technologies’ (ONT) nanopore sequencing, which were commercially released in 
2011 and 2014, respectively. These two technologies currently dominate the long-
read sequencing market (Amarasinghe et al., 2020). The most striking improvement 
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of TGS in comparison with NGS is that they can generate continuous sequences 
ranging from 10 kilobases to several megabases in length directly from native DNA 
(Logsdon et al., 2020). When the two long-read sequencing technologies were first 
introduced, the major drawback was the high error rate, with ~13% for PacBio ‘single-
pass’ sequences and ~15% for ONT raw sequences (Quail et al., 2012, Jain et al., 
2017). Currently, due to developments in sequencing chemistry and improvements in 
DNA preparation, each of PacBio and ONT technology can produce different types 
of long reads differing in both length and accuracy. The most recent type of PacBio 
data is the High-fidelity (HiFi) read generated using circular consensus sequencing 
(CCS) mode, which is both long in length (greater than 10Kb) and high in accuracy 
(less than 0.1% error rate) (https://www.pacb.com/technology/hifi-sequencing/, 
accessed November 24, 2022). For ONT,  one type of data is the ultra-long read, which 
typically has read N50s > 50Kb and can reach more than 4Mb (Logsdon et al., 2020). 
The latest update of ONT duplex data can produce reads with only 0.1% error rate 
(https://nanoporetech.com/accuracy, accessed November 24, 2022).   

Genome assembly application of DNA sequencing 

One of the key applications of DNA sequencing is de novo genome assembly, which 
computationally produces a representation of the original intact chromosome 
sequences by putting back together random sampled DNA fragments without any 
prior knowledge about composition, layout or length of the source DNA (Jung et al., 
2019). This process usually requires high depth of sequencing data to be able to cover 
the whole genome. Sanger sequencing is not a good option for de novo genome 
assembly because of its low output volume and high cost. In comparison, the NGS is 
more suitable for de novo genome assembly. Indeed, the massively parallel NGS 
technologies together with various short-read assembly algorithms lead to 
dramatically increased numbers of de novo assemblies. The most popular short-read 
assembly algorithm is the de Bruijn Graph construction, which splits all reads into k-
mers that are connected by overlapping prefix and suffix (k-1)-mers (Miller et al., 
2010, Nagarajan and Pop, 2013, Sohn and Nam, 2018). After the graph is constructed, 
an optimal path is identified (Compeau et al., 2011). Subsequently, the optimal path 
is transformed into contig sequences. However, short-read assembly often results in 
highly fragmented contigs and incomplete genome sequences due to the weakness of 
NGS reads to resolve repeats and duplications. In comparison, TGS technologies 
enable the generation of highly contiguous genome assemblies with unprecedented 
accuracy, which can span across complex repeat regions (Jung et al., 2019). Overlap-
Layout-Consensus (OLC) is the best suited approach for long-read de novo assembly, 
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which includes three consecutive steps: 1) overlap graph construction and potentially 
overlapping reads searching, 2) reads merging and graph simplification, and 3) DNA 
sequence deriving and error correction (Jung et al., 2019). Although long-read 
assemblies by far surpass short-read assemblies in contiguity and completeness, solely 
long reads are still not sufficient to resolve complex genomes at the chromosome level. 
Usually, additional long-range information is required to create super-scaffolds or 
chromosome-scale genome assemblies. One of such technology currently commonly 
used is Bionano Genomics optical mapping, which uses fluorescently labelled 
enzymes to produce fingerprints of DNA fragments of multiple hundreds kb by 
imaging the locations of the restriction sites under light microscopes (Jiao et al., 2017, 
Jiao and Schneeberger, 2017). The labelled molecules can be assembled into genome-
wide maps that serve as the skeleton to order and orient contig sequences. Bionano 
Genomics’ new Direct Label and Stain (DLS) technology uses Direct Labeling 
Enzyme 1 (DLE-1) to attach a single fluorophore to specific sequence motifs and does 
not make sequence-specific nicks via nicking endonucleases. Thus, this method does 
not damage DNA molecules at specific sites (Deschamps et al., 2018). The DLS-
labeled molecules are much longer than those labelled via the endonuclease approach, 
with the longest ones becoming larger than 2 Mbp. Another technology is Hi-C, which 
generates genome-wide libraries from originally close-by loci in the nucleus using a 
proximity ligation approach (Lieberman-Aiden et al., 2009, Logsdon et al., 2020). 
The long-range information between pairs of loci provided by Hi-C sequencing data 
can reach tens of megabases apart on the same chromosome (Ghurye et al., 2019, 
Logsdon et al., 2020). Currently, the combination of long-read sequencing and long-
range scaffolding technologies becomes a common standard to generate high quality 
genome assemblies (Rousseau-Gueutin et al., 2020).  

Genome assemblies in plants and B. oleracea 

In 2000, the first plant genome sequence of A. thaliana was released (Arabidopsis 
Genome Initiative, 2000). Initially, it was difficult to assemble plant genomes using 
short reads, especially those plant species with large and repeat-rich genomes and high 
levels of ploidy. However, due to advances in sequencing technologies and 
computational algorithms, the field of plant genome sequencing has grown rapidly in 
the past 20 years, with genomes of more than 800 species being assembled to date 
(Marks et al., 2021). Among these plant genomes, sugar pine (Pinus lambertiana) has 
the largest genome size, with an assembly size of 27.6 Gb (Stevens et al., 2016). The 
Brassica species have relatively medium-sized genomes. For example, the genome 
size of B. oleracea was estimated to be around 600 Mb based on flow cytometry 
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analysis (Guo et al., 2020). The first B. oleracea draft genome was released in 2014, 
a cabbage line 02-12 with an assembly size of 515.4 Mb (Liu et al., 2014a). Only 
about one month later, another draft genome was released, the doubled haploid B. 
oleracea annual kale-like type TO1000DH, with an assembly size of 488.6 Mb 
(Parkin et al., 2014a). Both the two genomes were generated using NGS technologies 
and genetic maps. In 2016, a B. oleracea pan-genome study based on a reference-
guided approach using short-read sequencing technology demonstrates high levels of 
variation between different morphotypes, with nearly 20% of genes affected by 
presence/absence variation (Golicz et al., 2016b). Recently, several other B. oleracea 
reference genomes with higher quality have been released, which were primarily 
created by combining high-coverage long-read sequencing data with long-range 
scaffolding information, including three cabbage, two cauliflower and one broccoli 
lines (Belser et al., 2018, Sun et al., 2019a, Cai et al., 2020, Lv et al., 2020, Guo et 
al., 2021).  

Meiotic recombination 

Meiosis is a specialized cell division process that is required for sexually reproducing 
organisms to generate gametes for fertilization (Mercier et al., 2015, Wang and 
Copenhaver, 2018). This process consists of a single round of DNA replication 
followed by two rounds of nuclear division (Meiosis I and Miosis II). Both the two 
divisions include four phases: prophase, metaphase, telophase and anaphase (Wang 
and Copenhaver, 2018). There is no interphase between Meiosis I and II. In Meiosis 
I, pairs of homologous chromosomes segregate. In Meiosis II, sister chromatids are 
separated into four haploid cells. Meiotic recombination occurs during the first 
meiotic division, which ensures genome integrity and stability and generates genetic 
diversity (Pelé et al., 2018). Recombination is initiated in prophase I stage of meiosis 
by the formation of a large number of DNA Double Strand Breaks (DSBs) on 
bivalents, which are induced by SPO11 protein (Osman et al., 2011, Demirci, 2021). 
A minority of DSB repairs on the nonsister homologous chromatids form crossovers 
(COs), whereas the majority of these DSB repairs lead to noncrossovers (NCOs) 
(Mercier et al., 2015, Li et al., 2019a). COs involve reciprocal exchanges of large 
DNA fragments between the homologous chromatids, with two of the four chromatids 
being modified. NCOs copy a small section of genetic material from the intact 
donating chromosome to the broken chromosome, with only one of the four 
chromatids being modified, often resulting in small changes (Li et al., 2019a). 

Pathways of CO and NCO formation  
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Several known pathways are involved in the formation of COs and NCOs (Fig. 2) 
(Mercier et al., 2015, Wang and Copenhaver, 2018, Demirci, 2021). The processing 
of DSB ends produces 3’ single-strand DNA ends, which search either one of the two 
homologous chromatids (inter-homologous invasion) or the intact sister chromatid 
(inter-sister invasion) as templates for repair. These invasions promote the formation 
of a D-loop. In the first ZMM pathway, after a successful inter-homologous invasion, 
DNA synthesis using the second 3’ end, followed by ligation, produces the double 
Holliday junction (dHJ) intermediate. These dHJs can be resolved into the interfering 
Class I COs, with the occurrence of a CO preventing the formation of close-by COs. 
In a second MUS81 pathway, after successful inter-homologous invasion, unknown 
recombination intermediates generate either non-interfering Class II COs or they are 
resolved into NCOs via Synthesis-dependent strand annealing (SDSA) pathway. This 
third pathway also produces NCO from the ejected inter-homologous invading strands 
after D-loop formation. In SDSA pathway, the chromatids are repaired via DNA 
synthesis relying on  the sister chromatid as a template. In many organisms, these two 
types of COs coexist, with Class I contributing 85-90% of all COs. Class I COs depend 
on ZMM complex (Saccharomyces cerevisiae Zip1-4, Msh4-5, and Mer3; HEI10 is 
the Arabidopsis homolog of Zip2) besides MLH1 and MLH3 proteins (Mezard et al., 
2007, Osman et al., 2011, Mercier et al., 2015, Pelé et al., 2017, Durand et al., 2022). 
Class II COs rely on MUS81 and EME1/MMS4 proteins. NCOs are sometimes 
accompanied by gene conversion, which describes the nonreciprocal transfer of small 
genetic material between loci, typically allelic loci, in meiosis (Wang and Copenhaver, 
2018). 
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Fig. 2 A schematic model for meiotic recombination. Meiotic recombination starts with the 
formation of double-strand breaks (DSBs). DSB ends are resected to yield 3’ single-strand tails, 
which invade a non-sister chromatid or a sister chromatid to form a D-loop. Inter-homologous 
intermediates can be processed via different pathways to form either crossovers (COs) or 
noncrossovers (NCOs). In the ZMM pathway, DNA synthesis (dashed lines) and ligation result in 
the formation of double Holliday junctions (dHJ), which are primarily resolved as Class I COs that 
depend on ZMM proteins and are interference sensitive. In the MUS81 pathway, unknown 
recombination intermediates are resolved to form Class II COs that are non-interference. 
Alternatively, unknown intermediates can be processed by the synthesis-dependent strand annealing 
pathway (SDSA), which produces NCOs. This figure was adapted from Mercier et al., Wang et al., 
and Demirci et al. (Mercier et al., 2015, Wang and Copenhaver, 2018, Demirci, 2021). 

Approaches to detect meiotic COs 

Meiotic COs establish a physical connection between two chromatids of homologous 
chromosomes, known as chiasmata, which is required for balanced segregation of 
chromosomes at meiosis. The absence of at least one CO per chromosome pair results 
in reduced fertility and aneuploidy (Hunter, 2015, Fernandes et al., 2018). In addition, 
COs drive genetic exchange between homologous chromosomes, which generates 
novel allelic combinations and genetic diversity among offspring (Fernandes et al., 
2018, Wang and Copenhaver, 2018). The first step towards understanding the 
underlying mechanism of CO formation is to accurately detect COs. To date, several 
approaches have been developed to measure the location and frequency of COs in 
plants, including immunocytological analyses, fluorescence-tagged lines (FTLs) 
systems and sequencing-based methods (reviewed in Kim and Choi, 2022)  (Kim and 
Choi, 2022). COs can be cytologically detected by counting the number of chiasmata 
from pollen mother cells (PMCs) based on the bivalent shape using fluorescence in 
situ hybridization (FISH) staining of specific regions or whole chromosomes (Moran 
et al., 2001, Sanchez-Moran et al., 2002, López et al., 2012). Also, immunostaining 
of single or combined proteins specifically involved in CO formation can be used to 
count the number of COs according to immunostained foci (Ziolkowski et al., 2017, 
Lloyd et al., 2018, Modliszewski et al., 2018, Capilla-Pérez et al., 2021, France et al., 
2021, Nageswaran et al., 2021). In a higher throughput manner, segregation assays 
with transfer DNAs that express fluorescent proteins in seeds or pollen have been 
extensively developed to detect CO frequency, with the availability of genome-wide 
sets of seed and pollen fluorescence-tagged lines (FTLs) (Melamed‐Bessudo et al., 
2005, Francis et al., 2007, Berchowitz and Copenhaver, 2008, Wu et al., 2015). 
Furthermore, COs can be detected by resequencing individuals of a segregating 
population, such as F2, recombinant inbred lines (RILs), backcross (BC), etc, 
followed by extensive bioinformatics analyses to reconstruct the mosaic genetic 
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material of their parents. Recently, CO detection from a pool of pollen DNA from F1 
hybrids was developed using Illumina sequencing of 10X Genomics linked-reads 
(Dréau et al., 2019, Sun et al., 2019b, Rommel Fuentes et al., 2020). 

Tight regulations of CO number and distribution   

Meiotic CO number and distribution are both tightly regulated. Besides the obligate 
occurrence of one CO per chromosome pair, rarely more than three COs are found in 
most eukaryotes regardless of the chromosome size (Mercier et al., 2015). Both CO 
interference and anti-CO factors could participate in limiting the number of COs. 
Indeed, three anti-CO pathways have been identified in A. thaliana using forward 
screen approaches, which rely on the activity of 1) the FANCM helicase and its 
cofactors (Crismani et al., 2012, Girard et al., 2014), 2) the BLM/Sgs1 helicase 
homologs RECQ4A and RECQ4B and the associated proteins TOP3α and RMI1 
(Séguéla-Arnaud et al., 2015, Séguéla-Arnaud et al., 2017) and 3) the FIGL1 AAA-
ATPase (Girard et al., 2015), respectively. Moreover, COs are not uniformly 
distributed along the chromosomes in almost all studied species (Mézard et al., 2015, 
Kianian et al., 2018). On a smaller scale, most COs preferentially cluster in small 
genomic regions of a few kilobases, known as recombination hotspots (Petes, 2001, 
Mézard et al., 2015). At a larger scale, COs are concentrated in distal regions and 
always suppressed in centromeric and pericentromeric regions (Marand et al., 2017, 
Dreissig et al., 2019, Raz et al., 2021). In some plants, like bread wheat, maize and 
barley, CO distribution gradually decreases from telomeres to centromeres (Liu et al., 
2009, Saintenac et al., 2011, Higgins et al., 2012). These observations could be 
connected with different genomic and epigenomic features. It has been found that the 
occurrence of COs positively correlates with gene density that is generally high in 
distal regions and negatively with TE density, which is highest at and next to 
centromeres (Wu et al., 2003, Erayman et al., 2004, Anderson et al., 2006, Dooner 
and He, 2008). Small-scale sequence divergence, such as SNPs and InDels, and large 
structural variations could also locally affect CO formation (Rowan et al., 2019, 
Boideau et al., 2022, Lian et al., 2022b). With regard to epigenetic factors, it has been 
reported that CO occurrence correlates with low levels of DNA methylation, low 
nucleosome density and enrichment in specific histone marks (i.e. K3K9me2) 
(Choulet et al., 2014, Swagatika and Tomar, 2016, Li et al., 2019b, Boideau et al., 
2022). 

CO interference and heterochiasmy 

Two interesting observations of meiotic recombination are CO interference and 
heterochiasmy. As already mentioned, Class I COs are subject to interference, with 
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the presence of one CO preventing the formation of additional CO nearby along the 
same chromosome pair. The so-called phenomenon of heterochiasmy refers to marked 
differences between male and female in CO rate and distribution (Lenormand and 
Dutheil, 2005, Dluzewska et al., 2018). Both CO interference and heterochiasmy were 
discovered more than one century ago (Muller, 1916a, Zickler and Kleckner, 2016). 
However, the underlying mechanism of these two observations still remains elusive 
(Dluzewska et al., 2018, Capilla-Pérez et al., 2021). COs are formed in the context of 
synaptonemal complexes (SC), structures that zip homologous chromosomes together 
during meiosis. Recent studies suggest that SC imposes CO interference and 
heterochiasmy in Arabidopsis (Capilla-Pérez et al., 2021).  

Objectives and outline of the thesis 

In this thesis, we aim to explore genomic and genetic features of the highly diverse B. 
oleracea species. We generated a core collection representing the B. oleracea 
germplasm for population genetic studies and selected five genotypes representing 
important crops for in-depth genomics studies. The ultimate goal is to provide 
valuable genomic resources and insights for improvement of economically important 
Brassica crops. We produce massive DNA and RNA sequencing data and metabolite 
data for diverse B. oleracea crops, with four concrete objectives:  

• To investigate genetic diversity and domestication history of B. oleracea 
morphotypes; 

• To generate high-quality reference genomes of five diverse B. oleracea 
morphotypes; 

• To study meiotic recombination in crosses between the five parental B. 
oleracea morphotypes; 

• To study genetic regulation underlying GSL profile variation in B. oleracea. 

In Chapter 2, we generated a collection of 912 globally distributed accessions 
representing ten morphotypes of B. oleracea, wild B. oleracea accessions and nine 
related wild relatives (C9 Brassica species). These samples were genotyped using 
Sequence-Based Genotyping method, which resulted in high-quality SNP markers for 
population genetics study. We investigated genetic diversity, genealogical 
relationship, population structure and domestication history of these B. oleracea 
morphotypes. 

In Chapter 3, we de novo assembled high-quality reference genomes for five different 
B. oleracea morphotypes, including broccoli, cauliflower, kale, kohlrabi and white 
cabbage. The genome assemblies were created using the state-of-the-art long-read 
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sequencing (ONT) and long-range scaffolding (Bionano DLS optical maps) 
technologies. A catalogue of genome-wide SNPs and structural variations was 
generated based on comparative genomics analysis. We then performed a pan-genome 
analysis using our five plus four previously reported B. oleracea genomes. 
Furthermore, we compared evolutionary patterns with regard to intact LTR-RTs 
accumulation and WGT-derived gene loss between this B. oleracea pan-genome and 
the published B. rapa pan-genome. 

In Chapter 4, we investigated meiotic homologous recombination in B. oleracea. We 
constructed mapping populations from four-way crosses (FwC populations) between 
the five parental B. oleracea morphotypes, the genomes of which were de novo 
assembled in Chapter 3, with each two F1s being reciprocally crossed per population. 
We re-sequenced these mapping populations using Illumina technology and hereafter 
we detected meiotic COs. We then compared recombination rates and landscapes 
among different crosses/genetic backgrounds. Moreover, combined with the de novo 
genome sequences, we investigated the effect of various genomic features on meiotic 
CO formation. In addition, we studied sex difference of CO rates and landscapes for 
each genetic background.   

In Chapter 5, we profiled diverse GSL compounds in both roots, leaves and the edible 
parts of the five B. oleracea morphotypes (the same accessions that were used in 
Chapter 3) to evaluate the GSL variation among different tissues and different 
morphotypes. We also generated mRNA-Seq data for the same plant materials to 
study gene expression levels of all GSL related genes, which were identified in the 
corresponding five B. oleracea genomes based on homology to Arabidopsis GSL 
genes. The correlation between gene expression level and GSL relative abundance 
was analysed. Moreover, we investigated genomic variations among the five genomes 
for two important GSL genes (AOP2 and MAM3), which probably explain some of 
the observed GSL differences. 

In Chapter 6, I further discuss the results obtained in this thesis in a broader context. 
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Abstract 

Brassica oleracea displays enormous phenotypic variation, including vegetables like 
cabbage, broccoli, cauliflower, kohlrabi, kales etc. Its domestication has not been 
clarified, despite several genetic studies and investigations of ancient literature. We 
used 14,152 high-quality SNP markers for population genetic studies and species-tree 
estimation (treating morphotypes as ‘species’) using SVD-quartets coalescent-
modelling of a collection of 912 globally distributed accessions representing ten 
morphotypes of B. oleracea, wild B. oleracea accessions and nine related C9 Brassica 
species. Our genealogical tree provided evidence for two domestication lineages, the 
‘leafy head’ lineage (LHL) and the ‘arrested inflorescence’ lineage (AIL). It also 
showed that kales are polyphyletic with regards to B. oleracea morphotypes, which 
fits ancient literature describing highly diverse kale types at around 400BC. The SVD-
quartets species tree topology showed that different kale clades are sister to either the 
LHL or the AIL. Cabbages from the middle-east formed the first-branching cabbage-
clade, supporting the hypothesis that cabbage domestication started in the middle-east, 
which is confirmed by archeological evidence and historic writings. We hypothesize 
that cabbages and cauliflowers stem from kales introduced from Western Europe to 
the middle-east, possibly transported with the tin-trade routes in the Bronze age, to be 
re-introduced later into Europe. Cauliflower is the least diverse morphotype showing 
strong genetic differentiation with other morphotypes except broccoli, suggesting a 
strong genetic bottleneck. Genetic diversity reduced from landraces to modern hybrids 
for almost all morphotypes. This comprehensive Brassica C-group germplasm 
collection provides valuable genetic resources and a sound basis for B. oleracea 
breeding. 

Key words: Brassica oleracea, arrested inflorescence lineage, leafy head lineage, 
diversified kales, domestication, genetic diversity, population genomics, tin-trade 
route 
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Introduction 

B. oleracea is an important vegetable and fodder crop species and exhibits enormous 
diversity in its appearances, including the leafy heading morphotypes var. capitata 
(cabbage), the typical curd subspecies with large arrested inflorescences, including 
var. botrytis (cauliflower) and var. italica (broccoli), the kohlrabi’s with their tuberous 
stems (var. gongylodes), the Brussels sprouts with their axillary buds (var. gemmifera),  
and other leafy vegetable types with different shapes, such as var. viridis (Collard 
green), var. alboglabra (Chinese kale) (Kole and Henry, 2010, Bonnema et al., 2011), 
var. costata (Tronchuda kale) (Dias, 2012) as well as other types of kale, such as var. 
acephala (bore and curly kale, marrow stem kale, etc). In addition, var. acephela 
(ornamental kale) has been bred by intercrossing different morphotypes (Guo et al., 
2019). Different B. oleracea morphotypes are extensively cultivated, with several 
crops cultivated almost worldwide (like cabbages and cauliflowers), while others in 
specific countries only depending on local preferences (like Tronchuda’s in Portugal 
and Collards in the USA). Despite this enormous diversity, B. oleracea is still 
considered as one species and morphotypes can be easily interbred.  

Wild B. oleracea can be found along the Atlantic and Mediterranean coasts, all the 
way from Norway to England and France down to Greece. Wild B. oleracea plants 
form a strong stem with large waxy leaves, and only flower after several winters 
(Crozier, 1891, Kole and Henry, 2010, Bonnema et al., 2011). B. oleracea and its 
closely-related wild relatives belong to the so-called ‘C-genome group’, which is 
characterized by the possession of nine chromosome pairs (Maggioni, 2015). These 
wild ‘C9 species’, which probably form a monophyletic group,  mainly occur in the 
Mediterranean region, particularly in Sicily (Snogerup et al., 1990, Tribulato et al., 
2017). In his doctoral thesis, Maggioni summarized the above-mentioned origin and 
morphological characteristics of these wild species (Maggioni, 2015). In short, they 
are characterized by hairy leaves, petiolated or with wings, and/or yellow flowers, 
such as in Brassica incana, Brassica villosa, Brassica macrocarpa and Brassica 
rupestris. Phenotypic diversity of wild relatives of B. oleracea has been assessed 
within the European Cooperative Program for Plant genetic Resources (ECPGR). A 
few hybridization experiments have been performed to investigate relationships 
between wild ‘C9 species’ and cultivated forms of B. oleracea (Kianian and Quiros, 
1992, Bothmer et al., 1995). Kianian and Quiros (1992) (Kianian and Quiros, 1992) 
analysed fertility and meiotic chromosome behaviour from 172 intra- and interspecific 
hybrids of B. oleracea crops and wild ‘C9 species’. Based on their experiments, fertile 
hybrids can be produced through crosses of Brassica alboglabra, Brassica bourgeaui, 
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Brassica cretica, Brassica montana to B. oleracea crops. Crosses of Brassica incana, 
Brassica insularis and Brassica rupestris to B. oleracea crops produced semi-sterile 
progenies, which was associated with abnormal meiotic behaviour. Crossing 
experiments from von Bothmer et al. (1995) (Bothmer et al., 1995) also indicated 
possibly frequent introgression between wild ‘C9 species’ and B. oleracea crops. In a 
recent study, Mabry et al. (2021) investigated the evolutionary history of wild, feral 
and domesticated B. oleracea, including nine C9 species which they refer to as 
‘progenitor species’. The authors identify the Aegean endemic B. cretica as closest 
living relative of B. oleracea (Mabry et al.). 

Domestication of B. oleracea dates back to as early as around 400 BC, based on for 
example descriptions of kales by the Greek scholar Theophrastrus (370-285 BC). In 
older writings (800-600 BC) the kales were not yet mentioned (Maggioni et al., 2014, 
Maggioni et al., 2018). Northwestern Europe and the Mediterranean/Middle east 
regions are hypothetical ancestral areas for domesticated B. oleracea, of which the 
latter obtains more weight from ancient literature (Kole and Henry, 2010, Maggioni 
et al., 2018). Also Mabry et al. (2021) see the identification of  the Aegean endemic 
B. cretica as closest living relative of B. oleracea as support for a Eastern 
Mediterranean domestication origin for B. oleracea. Gomez-Campo and Prakash 
(Gómez-Campo and Prakash, 1999), suggest several possible domestication routes, 
one of them being that kales were the earliest cultivated forms of B. oleracea, 
cultivated along the Atlantic and Mediterranean coasts by the Celts, from where they 
were brought to the East Mediterranean region (first and second millenia BC) to 
become domesticated. John Gerard (1597) describes in his herbal that Theophrastus, 
and the Romans Cato (234-149 BC) and Pliny the Elder (23-79 AD) already described 
“wild and tame coles”, and distinguished several “coleworts” (kales). These included 
the smooth, great, broad-leaved, with a big stalk type, the ruffed type and types with 
little stalks that are tender and “very much biting”. One hypothesis is that these diverse 
kales (“coleworts”)  were transported along tin trade routes (Bronze Age, around 
3300-1000 BC) from Spain and the British islands to the Phoenicians (present-day 
Libanon), who referred to B. oleracea crops as ‘Krambe’ (Penhallurick, 2008, Berger 
et al., 2019). The name Krambe was later used by Linnaeus for the genus Crambe, 
which is closely-related to Brassica (Couvreur et al., 2010), and is known for its 
coastal distribution and fleshy cabbage-like leaves. If indeed kales were introduced to 
the middle-east, it is also possible that domestication of cabbages and cauliflowers 
initiated there. In addition to kales, cabbages (“coles”) are also first mentioned around 
the first century AD. In Maggioni (2018) we can read that Pliny the Elder (23-79 AD) 
already describes coles that “grow so big that a poor man’s table would not be large 
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enough to hold it”. Lucius Junius Moderatus Columella (4–ca. 70 AD), born in Spain, 
but a military officer in the Roman Legion and later settled as landowner in Italy, 
described many different “caules” based on where they were grown. He also mentions 
the sprouting types (cymae), which were mentioned by Pliny the Elder too. These 
refer to axillary buds that are tender, and indicate that apical dominance was less 
pronounced as it is in modern cultivars. Around the same times, cauliflowers are 
described, as Brassica cypria in Latin, and as ‘cauliflore’ in Italian, which seems to 
agree with Brassica pompeiana described by Pliny the Elder (Maggioni et al., 2018). 
The Spanish Arabian author Ibn-Al-Awan (c.1140), was the first to distinguish 
heading and sprouting cauliflowers. He named cauliflower ‘quarnabit’, the present 
Arabic name for cauliflower, suggesting Syria as center of origin, while the herbalist 
Dodonaeus (1578) suggested Cyprus. Crisp (1982) hypothesized that cauliflowers are 
evolved from broccoli’s based on crossing experiments. In a recent study by Guo et 
al. (2021), this was also suggested based on their inflorescence phenotypes and causal 
mutations (Guo et al., 2021).  Dale-Champ (1586) writes that cauliflowers have 
evolved between 400-600 BC and are believed to have diversified in the Eastern 
Mediterranean, and from there introduced to Italy (Gómez-Campo and Prakash, 1999). 
Maggioni et al (2018) however did not find any mentioning of ‘cauliflower’ till the 
first century. Dodonaeus (1578) and also John Gerard (1597) describe and illustrate 
in detailed drawings of white, red and savoy cabbages, cauliflower and kale but 
kohlrabi is not mentioned (Zeven, 1996). 

To date, several genetic diversity and population structure studies have been 
performed and published for domesticated B. oleracea (van Hintum et al., 2007, Izzah 
et al., 2013, Cheng et al., 2016b, El-Esawi et al., 2016, Stansell et al., 2018, Mabry et 
al.). Several studies are limited by low numbers of markers (van Hintum et al., 2007, 
Izzah et al., 2013, El-Esawi et al., 2016) and, more importantly, hardly any studies 
include all described B. oleracea morphotypes, and the ones that are included are often 
represented by low numbers of accessions (Farnham et al., 2008, Pelc et al., 2015, 
Stansell et al., 2018).  What generally lacks in these studies is data on genetic 
comparisons between modern hybrid and old landrace accessions. Recently, Cheng et 
al. resequenced 119 B. oleracea and 199 Brassica rapa accessions representing seven 
resp. 11 morphotypes, to study their genetic diversity and genealogical relationships 
(Cheng et al., 2016b). They showed that the cauliflower and broccoli accessions 
formed a separate cluster, with a long branch length separating it from a cluster 
comprising cabbage, ornamental kale, Brussels sprouts and kohlrabi accessions. Only 
few published studies also include B. oleracea wild C9 relatives which can be 
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intercrossed with domesticated B. oleracea crops (Warwick and Sauder, 2005, Mabry 
et al.).  

Our aim was to study genealogical relationships, population structure and 
domestication history of B. oleracea morphotypes, based on dense lineage- and 
character-sampling. For this purpose we generated a collection of 912 accessions 
representing the majority of morphotypes of B. oleracea, including both modern 
hybrids and old landraces with worldwide geographical origins, and its wild relatives 
(C9 species). Using genotypic data (14,152 SNPs), we estimated nucleotide diversity 
in each group and compared the differentiation between groups. We compared genetic 
diversity between genebank accessions and modern hybrids as well as between 
different subgroups such as ecotypes within morphotypes. We estimated species tree 
topology using coalescent-based population genetics modelling, treating morphotypes 
as ‘species’. We provide evidence for two main lineages within the cultivated B. 
oleracea’s, the ‘leafy head lineage’ (LHL; cabbages, collards and ornamentals) and 
the ‘arrested inflorescence lineage’ (AIL; cauliflower and broccoli). We show that 
most cauliflower accessions form a monophyletic group, in a position, probably most-
derived of all morphotypes and hypothesize that cauliflower domestication went 
through a strong bottleneck. 

Results 

Global geographic distribution of Brassica germplasm 

A total of 912 accessions, representing 10 B. oleracea morphotypes, wild B. oleracea 
and nine wild C9 species, were selected for genetic diversity analysis (Table 1, Table 
S1). This germplasm set consists of 377 modern hybrid accessions and 531 accessions 
with a global geographic representation. As shown in Table S1, germplasm is selected 
from ~53 countries with the majority from Europe. Broccoli and cauliflower materials 
are mainly obtained from Italy, the UK and the Netherlands. The collection of heading 
cabbage has various geographical origins, such as the Netherlands, Germany, the UK, 
Macedonia, Russia as well as other countries, like Turkey, reflecting the fact that 
heading cabbages are adapted to a wide range of climatic zones. The Collard green 
collection includes materials from the USA and Middle-East countries (Turkey and 
Syria). Most of Brussels sprouts accessions are obtained from the Netherlands, 
Denmark, Germany and France and the majority of Tronchuda accessions are 
collected from Portugal and Spain. Wild B. oleracea accessions are mainly collected 
from the UK and wild C9 species from Italy. 
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Table 1 Summary of all the accessions used in this study. 

Morphotype genebank hybrids others Total 
Broccoli 47 52 1 100 

summer-autumn 16 35 0 51 
unkown 16 1 1 18 

winter 15 16 0 31 
Cauliflower 84 138 1 223 

romanesco 5 4 0 9 
summer-autumn 28 84 0 112 

tropical 9 13 0 22 
unkown 24 2 1 27 

winter 18 35 0 53 
Collard Green 20 0 0 20 
Heading cabbage 180 130 1 311 

pointed 4 6 0 10 
red 23 21 0 44 

savoy 40 12 0 52 
unkown 5 5 0 10 

white 108 86 1 195 
Chinese Kale 10 1 0 11 
Kale 29 5 0 34 

kale 8 0 0 8 
bore-curly 11 4 0 15 

marrow-stem 10 1 0 11 
Kohlrabi 34 17 1 52 
Ornamental 2 24 0 26 
Sprouts 39 10 0 49 
Tronchuda 33 0 0 33 
Wild oleracea 20 0 0 20 
Wild C9 33 0 0 33 
Total 531 377 4 912 

Pairwise genetic distance matrix reveals lower genetic distance within 
morphotypes and higher genetic variations in genebank accessions compared to 
hybrids 

Overall, pairwise genetic distances between morphotypes were larger than within 
morphotypes (Fig. 1). Interestingly, the lowest pairwise genetic distance within 
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morphotypes was observed in the cauliflower group, illustrating their very low genetic 
diversity. In addition, the genetic variation in modern hybrid accessions was much 
lower than that of B. oleracea genebank accessions for most morphotypes. However, 
this was not obvious for cauliflower, with overall low diversity (average normalized 
genetic distance of 0.37) in both genebank and hybrid accessions. 

 

Fig. 1 Heatmap showing genetic distance matrix between 912 accessions. For each group, light 
color indicates genebank accessions, and dark color indicates modern hybrid accessions.  

Based on pairwise genetic distance, we also compared genetic variation between the 
different ecotypes and cultivar-groups (hereafter referred to as ‘varieties’) in broccoli, 
cauliflower, heading cabbage, kale and between the different wild C9 species. 
Different broccoli ecotypes (summer/autumn, winter and unknown) showed similar 
levels of genetic variation, therefore the genetic variation between genebank and 
modern hybrids is larger than that between the different ecotypes (Fig. S2a). However, 
the cauliflower group exhibited different patterns as differences in genetic variation 
between ecotypes of cauliflower is greater than between genebank and modern 
hybrids. Romanesco cauliflower displays ample genetic variation. Variation among 
winter cauliflower accessions was larger  than summer/autumn and tropical types (Fig. 
S2b). For heading cabbage we distinguish four varieties (red, white, savoy and 
pointed). Red cabbage is the least diverse subgroup, with little variation in both 
genebank- and hybrid accessions(Fig. S2c). We observed that there are two subgroups 
within both the white cabbage genebank and modern hybrid accessions, which 
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showed genetic differentiation. We further investigated pairwise genetic distance 
within the wild C9 species group. A few accessions behaved unexpectedly as they 
differed extensively from their peer accessions. This might be due to incorrect 
classification of genebank materials (Fig. S2e, Supplementary Notes) . 

Genome-wide diversity comparisons among groups shows that cauliflower is the 
least diverse morphotype 

We compared genome-wide nucleotide diversity (π), reduction of diversity (ROD) 
and pairwise population differentiation level (FST) between and within morphotype 
groups (Table S4). Among all the morphotypes, cauliflower had the lowest mean 
nucleotide diversity (πcau=7.13×10-6), which is 46% lower than the highest value 
identified in wild B. oleracea (πwbo=1.32×10-5). The nucleotide diversity of kale was 
slightly lower (6%) than the figure of wild B. oleracea.πdecreased from genebank 
accessions to hybrid accessions in broccoli, cauliflower, heading cabbage, kohlrabi 
and Brussels sprouts, with the highest ROD detected in broccoli (RODbro=2.24×10-1). 
This is consistent with the finding of pairwise genetic distance even though for 
cauliflower the differentiation was not obviously shown in the heatmap (Fig. 1 and 2). 
FST values between cauliflower and other morphotype groups ranged from strong 
(0.21 for heading cabbage) to very strong (0.34 for wild C9 species), with the 
exception of broccoli (0.15; moderate differentiation) (Table 2). Notably, wild B. 
oleracea had very strong differentiation with cauliflower (0.31), strong differentiation 
with Chinese kale (0.17) while moderate differentiation with all other B. oleracea 
morphotypes. Based on this we conclude that genetic differentiation between 
cauliflower and the other morphotypes including wild B. oleracea was larger than 
between wild B. oleracea and the rest. Wild C9 species had moderate differentiation 
from wild B. oleracea, but had strong or very strong differentiation with other B. 
oleracea morphotypes. FST analyses revealed little genetic differentiation between 
summer/autumn and winter broccoli (FST=0.04) (Table S5). Cauliflower ecotypes 
showed little and moderate differentiation with each other (FST: 0.02~0.07). Red 
cabbages had moderate differentiation with all other heading cabbage varieties (FST: 
0.06~0.09) whereas only little differentiation was present among pointed, savoy and 
white cabbages (0.03~0.04).  
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Fig. 2 Comparison of nucleotide diversity (π) and reduction of diversity (ROD) between 
genebank and modern hybrid accessions in five groups. The genebank group was used as the 
control for ROD calculation in this figure. 
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Genealogical relationships reveal two main lineages for cultivated B. oleracea 
morphotypes 

We constructed a B. oleracea genealogy tree including 912 accessions (879 B. 
oleracea and 33 wild C9 species), using IQ-TREE maximum likelihood analysis 
which selected the GTR+F+ASC+R10 model as best-fitting based on BIC. The 
monophyletic group including the vast majority of wild C9 species samples was set 
as outgroup. Our analysis revealed that the wild B. oleracea and kales (WO1-3 and 
KA1-2) together formed a paraphyletic group, and the first node following (node A; 
bootstrap support 60%) represents the start of a “cultivated B. oleracea lineage” 
(named here) (Fig. 3). At node A all the cultivated morphotypes are divided over two 
main lineages. In one direction this includes several leafy types, that subtend at node 
B (bs 96%) in the Brussels Sprouts and the “leafy head lineage” (LHL), which includes 
besides cabbages, collards and ornamentals. The other direction includes few kales 
(KA3), tronchuda’s, Chinese kale and kohlrabi, and the “arrested inflorescence 
lineage” (AIL, F, bs 100%) which includes cauliflowers and broccoli’s. At node B (bs 
96%) the tree subtends into the monophyletic sprouts (SP1 and SP2; bs 100%) and 
the LHL at node D (bs 100%). Node D subtends the ornamentals (OR, bs 100%) and 
at node E (bs 33%) the remaining “leafy” clades (CO, HE1-HE7; HE=heading). The 
Collards are sister to the cabbage clade but lacking support; the cabbage clade splits 
into HE1 and HE2-7 (bs 80%), and individual clades HE2-H7 are well supported. HE1 
is mainly composed of savoy cabbages, HE2-HE6 of white cabbages and HE7 of red 
and pointed cabbages. Interestingly, HE2 is composed of germplasm accessions from 
Eastern Mediterranean countries, as do the few Collards that are included in HE2. In 
the other main lineage node F (bs 100%) demarcates the split between the cauliflowers 
and broccoli’s on the one hand, and the kohlrabi, tronchuda’s, Chinese kale and few 
kales on the other hand. In this very diverse group, the first branchpoint is towards 
several kales (no support), followed by a branchpoint towards two tronchuda clades 
(TR1 without support and TR2 (bs 100%)), with nested in it a small Chinese kale 
clade (CK; bs 100%). The kohlrabi’s form a monophyletic group. In the cauliflower-
broccoli clades, several broccoli clades (BR1-4) were interspersed with a Romanesco 
clade (CA1), but support for this placement is low (bs 59%). From here we see a 
branch towards the most derived clades, the cauliflowers, with CA2 mainly 
representing winter cauliflowers, CA3 a mixture of winter and summer/autumn 
cauliflowers, CA4 and CA5 the summer/autumn types, and CA6 and CA7 the tropical 
and summer/autumn cauliflowers. 
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Fig. 3 Genealogy of major Brassica oleracea morphotypes and wild C9 species. (a) Maximum 
likelihood tree of B. oleracea and wild C9 species accessions inferred from 14,152 high-quality SNPs. 
Grey arrows indicate the two main cultivated lineages, AIL and LHL, respectively. Labels A-F show 
selected deep nodes with numbers representing bootstrap values. Labels outside circle refer to clade 
names (the abbreviations: WC: wild C9 species, WO1-WO3: wild B. oleracea, KA1-KA3: kale, SP1-
SP2: Brussels sprouts, OR: ornamental kale, CO: collard, HE1-HE7: heading cabbage, TR1-TR2: 
tronchuda, CK: Chinese kale, KO: kohlrabi, BR1-BR4: broccoli, CA1-CA7: cauliflower). The circled 
blue dots in clades represent bootstrap values of above 80%. Pictures of morphotypes were obtained 
from Cheng et al. (Cheng et al., 2016c) and Google. (b) A schematic tree depicting the ML tree 
structure.  
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Ancestral character state reconstruction shows that in cabbages the white 
cabbage variety is ancestral to red, savoy and pointed, while in broccoli and 
cauliflower the winter ecotypes are ancestral 

Ancestral character state reconstruction for heading cabbage suggests that white 
cabbage is the ancestral state. Both savoy and red cabbage are derived from white 
cabbage (Fig. 4c). Winter broccoli is suggested as the ancestral state, giving rise to 
summer/autumn broccoli. It appears that broccoli experiences reverse evolution from 
summer/autumn to winter broccoli which might be caused by breeding activities (Fig. 
4a). The ancestral character state reconstruction also implies winter cauliflower as the 
ancestral state, with summer/autumn cauliflower derived from winter cauliflower. 
There is a transition from summer/autumn cauliflower to tropical cauliflower, and also 
in cauliflower we see this “reverse evolution” as tropical cauliflower then gives rise 
to summer/autumn cauliflower, followed by winter cauliflower (Fig. 4b). In general, 
we conclude that the predominant trend for ecotype character is towards 
summer/autumn from winter and that reversals are rare. We also analysed ancestral 
state reconstruction with states defined as the different geographical origins. For 
hybrids this information is difficult to interpret, as hybrids origin leads to breeding 
company and not necessary to growing area. For the cauliflowers, accessions from 
Southwest Europe (mainly from Italy, with many romanesco’s) formed the ancestral 
state (Fig. S3b). For broccoli’s, the ancestral state is formed by accessions from 
Northwest Europe, with mainly winter broccoli accessions from Great Britain (Fig. 
S3a). For the heading cabbages, accessions from Southeast Europe, mainly 
Macedonia (MKD) and Yugoslavia (YUG) formed the ancestral state (Fig. S3c), 
pointing to an east Mediterranean/near-east origin. 
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Fig. 4 Ecotype/variety character evolution for (a) broccoli, (b) cauliflower and (c) heading 
cabbage. Different varieties of heading cabbage were treated as the states of variety character, and 
different ecotypes of broccoli or cauliflower were treated as the states of ecotype character. Grey 
branches represent accessions with “unknown” state.  

Principal component analysis and population structure support genealogical 
relationships revealed by ML tree 

The genealogical relationships between different groups were also supported by 
principle component analysis (PCA), with the first two principle components 
explaining 13.64% and 4.78% total genetic variance, respectively (Fig. 5a). In PC1 
AIL with cauliflower and broccoli accessions, is clearly separated from the Brussels 
sprouts and the LHL (heading cabbage, ornamental and collard accessions). Chinese 
kale, kohlrabi and Tronchuda accessions, but also the kale accessions are located 
between these two groups. PC1 also separated wild C9 species into two clusters, 
which corresponds to the maximum likelihood tree in Fig. S4. PC2 clearly separated 
wild C9 species from B. oleracea wild type and morphotypes. The PCA analysis 
appeared to corroborate the genealogical tree and population differentiation analyses. 
Further detailed PCA analysis within morphotype was also in line with genealogical 
and pairwise genetic distance analyses (Supplementary Notes).  
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Fig. 5 PCA and population structure. (a) PCA plots of 875 accessions using whole genome SNP 
data. The first two principle components were plotted to visualize the relationships among individuals 
(accessions) and groups. (b) Population structure of major Brassica oleracea morphotypes and wild 
C9 species with different numbers of clusters (K=2-7). Each accession is represented by a vertical 
bar. The different colors represent contributions to the K-groups. The length of each colored segment 
in the bar quantifies cluster membership. 

To further investigate population structure of the 875 B. oleracea and wild C9 
accessions, the STRUCTURE v2.3.4 (Pritchard et al., 2000) software was utilized to 
infer the structure of these accessions. We ran the pipeline by gradually increasing the 
number of clusters (K). TheΔk analysis revealed that K=4 fits the dataset best (Fig. 
S5). Interestingly, when K=2, cauliflower and not wild B. oleracea and wild C9 
species, formed one cluster that was clearly separated from other B. oleracea 
morphotypes and these wild C9 species (Fig. 5b). All of the broccoli accessions were 
admixed and received genetic contributions from cauliflower and other morphotypes. 
When K increased from 2 to 7, kale and wild B. oleracea, ornamental kale and Collard 
green on the one hand  and kohlrabi, Chinese kale and tronchuda on the other hand 
always had similar membership and thus were clustered together, respectively. At 
K=7, heading cabbage cluster was subdivided into two clusters, with the new cluster 
formed by 37 red cabbage accessions. Kale and wild B. oleracea could not be assigned 
to independent clusters when K ranged from 8 to 12 (Fig. S6). This fits the hypothesis 
that wild B. oleracea and kale are progenitors of different morphotypes, which is also 
clearly shown from the ML tree (Fig. 3a). Overall, the majority of morphotypes 
formed a distinct group with gradual increase of the number of clusters. However, 
more and more accessions within each group become highly admixed, indicating both 
common ancestry and gene introgression among different groups. 

Species tree and divergence time estimation suggest ancient divergent kale 
lineages leading to the AIL and LHL lineages 
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The SVD-quartets analysis on the ‘Overall’ SNP matrix yielded a tree topology that 
was not fully congruent with the ML tree. Although the two main lineages AIL and 
LHL are present (both bs 100%), sprouts are sister to Wildoleracea1 (WO1) and Kale1 
(KA1) (bs 91%) and Kale2 and Kale3 (KA2 and KA3) (bs 73%) are sisters in the 
SVDq topology (Fig. 6a), while in the ML tree WO1 together with WO2 and WO3, 
and KA1 together with KA2 precede  the complete “cultivated B. oleracea lineage”.  
The position of kohlrabi (KO) is problematic as it is sister to Wildoleracea3 which 
contradicts its position in the overall ML genealogy.  

 

Fig. 6 Brassica oleracea species tree. (a) SVDquartet analysis of the full 875 terminal SNP matrix; 
bootstrap values are indicated at the nodes. Grey letters at nodes refer to main clades as distinguished 
in Fig. 3a – the ML Overall tree. (b) Tree topology of the SVDquartets analysis from (a) with nodes 
with bootstrap values <50% collapsed, enforced on SUB matrix, and arbitrarily ultrametricized in 
Mesquite (see text). Numbers at nodes and scalebar indicate relative ages. B. oleracea morphotypes 
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are indicated at terminal labels on the right; proposed dating of domestication events based on earliest 
reports, as well as the timing of tin trades /Bronze Age (see text) are indicated. Grey letters at nodes 
refer to main clades as distinguished in Fig. 3a – the ML Overall tree. The abbreviations on the right: 
Br: broccoli, Ca: cauliflower, KaCh: Chinese kale, Tr: tronchuda, Ka1-Ka3: kale, Ko: kohlrabi, Wo1-
Wo3: wild B. oleracea, Co: collard, He: heading cabbage, Or: ornamental kale, Sp: Brussels sprouts, 
WC9: wild C9 species. 

Given the accuracy of SVD-quartets analysis (Chifman and Kubatko, 2014, Leaché 
and Oaks, 2017) and its use of coalescent modelling (allowing gene trees to be 
different) (see Supplementary Notes), we consider it to be more accurate than the ML 
tree topology. We therefore use the SVDq topology to estimate branch lengths on, in 
order to enable time estimation of nodes. After ultrametricizing the SVDq-based tree 
with SNP nucleotide branch lengths (Fig. 6b), we see that AIL (node F) would appear 
of a similar age as LHL (node D). Tronchuda, Kohlrabi and Chinese kale, but also 
Sprouts, would appear as younger. The main divergence among Cauliflowers in AIL 
and among Cabbages in LHL appears ‘simultaneously’. Since our approach to dating 
the nodes is fairly crude (it does not include molecular clock modelling, rate 
smoothing nor standard deviations) we interpret our relative node-ages as rough 
estimates and an indication of relative ancestry of lineages. Nevertheless, we did 
consult the literature on ancient writings for possible timing of first occurrences of, 
for instance, cauliflower and cabbages, which were mentioned by Theophrastus and 
Pliny the Elder at around 400BC (or 2.5ka; see Introduction). Applying this date to 
nodes F and D (which mark the onset of cauliflower/broccoli and heading cabbage 
diversification breeding, respectively), and assuming clock-like accumulation of 
SNP’s, we find a SNP-rate of 3100 node height / 2500yr = 1.24 SNP yr-1. Applying 
this to node A (the onset of cultivation of B. oleracea) we find an age of 5680 node 
height /1.24 = 4581yr, which is 2560 BC.  As diversification within the cauliflower 
and heading cabbage clades is based on accessions of modern hybrids and old 
landraces with worldwide geographic origins, we feel the above scenario is accurate 
/realistic to base our time estimates on. 

Discussion 

The Brassica C-group germplasm collection of 972 samples we generated and 
genotyped in this paper is the most comprehensive published so far. We included most 
described B. oleracea subspecies, herein referred to as morphotypes and wild B. 
oleracea, but also their Brassica C9 relatives. This allows us to 1) perform extensive 
genetic diversity analysis within and between morphotypes, 2) investigate 
‘tokogenetic’ relationships between all B. oleracea morphotypes, their wild relatives, 
as well as different wild C9 species, and 3) infer population structure of this large 
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population. As both genebank and modern hybrid accessions are included we can 
compare their genetic diversity which is important for breeders to evaluate their 
potential use for mining novel variation.  

B. oleracea accessions are generally self-incompatible and for that reason 
heterogeneous. As we aimed to include a large number of these heterogeneous 
genebank accessions (531 in our study), we decided to represent accessions by single 
plants, similar to other studies (Zhao et al., 2005, Mabry et al., 2021). A pilot to test 
how this influences results showed that intra-accession variation is generally smaller 
than inter-accession variation, but also showed that genotypes/plants from genebank 
accessions that display inter-plant phenotypic variation are not always differentiated 
from genetically closely related accessions.  

We performed several comparative analyses, and overall the results were congruent. 
This was especially the case for the ML tree, the PCA and the STRUCTURE analysis. 
These analyses showed that the cauliflowers had highest genetic differentiation from 
other morphotypes and the C9 species, and that the broccoli’s were closest to 
cauliflower. In PCA analyses, cauliflowers separated from all other morphotypes in 
PC1 (explaining 13.64% of the variation), while C9 species only separated in PC2 
(4.78% variation explained). Also in STRUCTURE analysis, at K=2, one group 
consisted of cauliflower accessions, and the other group included all remaining 
accessions. Only at K=6, the C9 species formed a separate group. Analysis of 
population differentiation between morphotypes again showed that FST values 
between cauliflower and other morphotype groups was higher than between wild B. 
oleracea and other morphotypes. Results of pairwise genetic distance analyses and 
nucleotide diversity analyses also agreed. Genetic variation among cauliflower 
accessions was very low. Genetic variation within morphotypes was substantially 
lower between hybrids than between genebank accessions. This was to a lesser extend 
the case for cauliflowers. The strong genetic differentiation of cauliflower combined 
with a reduced genetic variation among cauliflower accessions points to a very strong 
genetic bottleneck. In a recent publication by Guo et al. (2021) a de novo genome 
assembly of a cauliflower and a cabbage was generated and structural variations 
shared among cauliflower resp cabbage accessions were exploited to identify possible 
selection signals. This revealed many “cauliflower” selection signals in diverse 
molecular pathways (flowering time, floral identity, meristem proliferation, organ size 
and spirality), suggesting indeed a strong genetic bottleneck.   

The SVD-quartets analysis yielded a tree topology that was not fully congruent with 
the ML tree, which is not unexpected given the coalescent-based nature of the SVDq 
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approach. Both trees revealed two clearly separated cultivated lineages, the LHL and 
AIL.  In any case, we use the SVDq topology in our further discussions given the 
accuracy of SVD-quartets analysis (Chifman and Kubatko, 2014, Leaché and Oaks, 
2017). This tree shows that the kales form different clades that may represent 
progenitors of the LHL and AIL. Our separate kale lineages (KA1 vs KA2,3) that 
diverged before the emergence of LHL and AIL, are consistent with a scenario 
involving ‘ancient’ divergent kale lineages leading to LHL and AIL. This illustrates 
that the kales were already diversified at the time when B. oleracea domestication 
started and that they are likely to be ancestral to the other cultivated morphotypes. For 
possible timing of these domestications, we did consult the literature on ancient 
writings, to search for first occurrences (Maggioni et al., 2018). For instance, 
cauliflower and cabbages were mentioned by Theophrastus and Pliny the Elder at 
around 400BC (or 2.5ka; see Introduction); also ancient literature mentions wild and 
tame ‘coles’, and distinguished several ‘coleworts’ (kales) based on leaf, stalk type, 
sprouts and taste. Applying 400BC to nodes F (AIL) and D (LHL), we find an age of 
4581yr (2560 BC) for node A (i.e., the onset of cultivation of B. oleracea).  As wild 
B. oleracea grows along the coasts of  England, France and Spain, and both our 
evidence of cabbages (Mesquite analysis based on origin, Fig. S3), and  several 
publications (see Introduction) points to domestication in the middle east, one possible 
explanation is that ships transporting tin ores from Cornwall and the Iberian island, 
also carried ‘coleworts’ along. The 2560 BC date for the origin of B. oleraceae 
breeding would be consistent with a time frame of emerging tin-trade between Britain, 
France, Spain and Portugal to the Mediterranean (Berger et al., 2019). Berger et al. 
(2019) proof that tin ingots excavated around the eastern Mediterranean sea are from 
Cornish tin mines, based on radiogenic composition that can be linked to geological 
age of the tin ores. They state that this trade shifted from the Near East to Europe and 
Cornwall in particular, at the demise of the Minoans and during the rise of the 
Mycenaeans ca. 1430 BCE, which is slightly later than our estimated time of 2560 
BC. 

Ancestral state analysis using Mesquite was performed for the cauliflowers, cabbages 
and broccoli’s separately to understand their breeding history. Winter broccoli and 
cauliflower types were ancestral to the earlier flowering types, while for cabbages, the 
white cabbages were inferred to be ancestral. We also reconstructed ancestral areas 
and this revealed that for cauliflowers, the ancestral types came from Italy, with 
several Romanesco types at their origin, and for heading cabbages, ancestral types 
originated from eastern Europe, with many from Macedonia (MKD) and Yugoslavia 
(YUG), supporting an east Mediterranean/near east origin. For the broccoli’s results 
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were different, as the ancestral types were winter broccoli’s from Great Britain. This 
fact conflicts with the genealogic tree and previous studies that suggest that 
cauliflower was derived from broccoli. We included all broccoli accessions from the 
involved genebanks so cannot expand the data to include accessions of different 
origins.  

SVD-quartets topology also places the Brussels sprouts, sister to kale1 and wild 
oleracea1, as a separate lineage that emerged later than the cabbages. Former studies 
also indicated different ancestors for sprouts and cabbages, and often also mentioned 
wild C9 species in their ancestries (Mabry et al. 2021 and references there in (Schulz 
1936; Neufchatel 1927; Helm 1963)). The position of sprouts sister to kales fits their 
botanical characteristics, with a long stalk and absence of apical dominance 
(“sprouting coleworths” were mentioned by Cato and Pliny the Elder at around 200BC 
(see Introduction)). Kohlrabi’s form a separate lineage sister to kale 2 and 3 clades 
and wild oleracea 3. Little is known about their domestication. Dodenaeus (1554) 
mentions many cole crops, but not kohlrabi. In a  study by Zeven (1996) where they 
searched for 16th and 18th century pictures of colecrops, only one painting was 
revealed that illustrated an intermediate morphology between narrow stem kale and 
kohlrabi (German painter Jacob Samuel Beck (1715-1778) (Zeven, 1996). This 
painting however fits with the classification of kohlrabi sister to kale 2 and 3 that 
consist of several marrow stem kales showing its botanical proximity. The collards 
form an interesting morphotype, as they are cultivated since the 1800’s in the southern 
and eastern US, mainly by home gardeners and seed savers (Pelc et al., 2015). 
Farnham et al. (2008) mention that their origin is likely from the old world, where 
they were introduced as early as 1500-1600 by Spanish/Portugese and English settlers 
(Farnham et al., 2008). The name collard is likely derived from ‘colewort’, non-
heading kale types. Half of collard accessions are semi-heading, and a hypothesis is 
that as they were cultivated near cabbages, intermating between collards and cabbage 
was common. In both our study and the study of Pelc et al. (2015), collards cluster 
with the cabbages. Chinese kale is an interesting morphotype, as it flowers very early, 
which is very different from most biannual B. oleracea’s  that need strong 
vernalization for flowering.  Both summer/autumn and tropical broccoli and 
cauliflower also have only a weak vernalization requirement. In the SVD-quartets tree, 
Chinese kale is closest related to the cauliflowers and broccoli clades (AIL), which 
share the early flowering phenotype due to FLC mutations (Guo et al., 2021) but are 
characterized by more mutations (e.g. curd proliferation arrested inflorescence 
meristems). 
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Both our study and the study of Mabry et al. (2021) (Mabry et al., 2021) integrated 
phylogenetic and population genetics techniques with archaeological and historic 
writing evidence to investigate the evolutionary history of B. oleracea crops and its 
wild relatives. The results in these two studies are largely in agreement with each other. 
We provided evidence for two domestication lineages (LHL and AIL), which were 
also present in their individual level phylogeny. We showed that kales are 
polyphyletic with regard to B. oleracea morphotypes, while Mabry et al. also provided 
evidence for this observation, suggesting highly diverse kale types. Mabry et al. 
however specifically indicated B. cretica as the closest living wild relative of B. 
oleracea, pointing to an Eastern Mediterranean origin. They especially mentioned that 
five admixture events were identified using TreeMix and highlighted that many 
admixture events and lineages of exoferal origins characterized the evolutionary 
history of B. oleracea. Among the five admixture events, one is from B. cretica 
accession (198) to a clade of Chinese kale and Tronchuda, a second one from Kohlrabi 
to another B. cretica accession (199), and a third one from Chinese kale to the B. 
cretica accession (199).  Interestingly, in our genealogical tree the LHL and AIL 
formed clear monophyletic groups, while the kohlrabi’s and Chinese kale and 
Tronchuda’s together were situated at the junction of the AIL and the KA3 clade, 
which may indicate admixture between these accessions and kale, AIL and possibly 
wild C9 species like B. cretica. Mabry et al. mentioned that B. cretica is likely 
ancestor, however they didn’t find evidence if this is the case for the two main lineages 
(AIL and LHL). We found evidence for far east origin of the AIL and LHL clades in 
both the hypothesis of diversified kales and in the first-branching cabbage clade with 
accessions from the middle-east that seems ancestral. In our study, we propose a 
scenario in which ancient divergent kale lineages have led to AIL and LHL. This 
scenario also leads us to support a middle-eastern origin, which corroborates the 
conclusion of Mabry et al., which is based on identification and inclusion of the closest 
living relative species, B. cretica. Specifically, together with archaeological and 
literature evidence, we hypothesized that cabbages and cauliflowers stem from kales 
introduced from Western Europe to the middle-east, possibly transported with the tin-
trade routes in the Bronze age, to be re-introduced later into Europe. We estimated the 
possible timing of the domestication event for B. oleracea at ~2560 BC (~4.6 ka). 
Likewise, the data from Mabry et al. not only supported an origin of cultivation in the 
Eastern Mediterranean region, but also pointed to a Late-Holocene domestication, a 
time frame whose boundary (~4.2 ka) is close to our estimation.  

Additionally, we investigated genetic diversity between different groups (i.e. between 
genebank and modern hybrids) that reflect the history of plant breeding. Overall, 
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allelic variation in genebank accessions was much larger compared to that of modern 
hybrids, which is important in guiding plant breeders’ strategies. As this study used a 
very large collection (almost 1000 accessions) we could also compare variation 
between different morphotypes, different varieties and ecotypes. 

In summary, we analysed the genetic diversity, genealogical relationship and 
population structure among 912 B. oleracea- and their wild relative accessions. Our 
data illustrate that genetic diversity reduces from genebank accessions to modern 
hybrid accessions. Species tree analysis showed evidence for two lineages, LHL and 
AIL, with onset of diversification and breeding of cabbages and cauliflowers around 
400 BC in the middle east. Different kale and wild B. oleracea were likely progenitors 
of the diverse lineages (besides the AIL and LHL also the sprouts and kohlrabi’s). 
Cauliflower is the least diverse morphotype and has the strongest genetic 
differentiation with other morphotypes, which points to a very strong genetic 
bottleneck.  

Materials and methods 

Plant materials 

A set of 912 accessions were collected from both germplasm collections (referred to 
here as ‘genebanks’) and modern hybrid cultivars from breeding companies. An 
accession was defined as one entry in the germplasm/cultivar collection, and 
represented by a single plant in this study. For details on genebank origin, breeding 
companies hybrids and “wild C9 species” (non B. oleracea species, with the same 
chromosome number as B. oleracea), see Supplementary Notes, Table 1, Table S1- 
S2. 

B. oleracea is a self-incompatible species and landraces are thus heterogeneous. To 
assess this heterogeneity, six accessions, including two cauliflower and four heading 
cabbage, were selected to study this intra-accession variation. For this purpose, we 
selected accessions that were either phenotypically uniform or variable when grown 
in the field. We re-sowed these and randomly genotyped ten individual plants per 
accession. For cauliflower we included one phenotypically uniform accession 
(TKI504) and one phenotypically non-uniform accession (TKI506). We also included 
two uniform heading cabbage accessions (TKI424 and TKI531) and two non-uniform 
accessions (TKI529 and TKI541) (Table S3). Our analysis indicated that the decision 
to represent accessions by single plants doesn’t bias the diversity analysis, as generally 
intra-accession variation is smaller than inter-accession variations, even though the 
variations are underrepresented by single plants (Supplementary Notes, Fig. S1). 
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DNA extraction, sequencing and variant calling 

Total genomic DNA was extracted from fresh leaves using an optimized CTAB 
method (Chen and Ronald, 1999). For hybrid accessions (being the result from a cross 
between two homozygous inbred lines, thus plants from the same accession are 
genetically identical), we isolated DNA from batches of around 100 seedlings to 
facilitate DNA isolation, while for genebank accessions, one plant per accession was 
genotyped; for two cauliflower and four heading cabbage accessions (see Plant 
materials), DNA was isolated from ten individual plants independently to investigate 
intra-accession variation. The DNA quality and quantity were measured with 
Nanodrop 2000. All the DNA samples were genotyped by Sequence-Based 
Genotyping (SBG) method (Truong et al., 2012) at Keygene N.V., Wageningen, the 
Netherlands. The genomic DNA was digested by a combination of PstI (rare cutting) 
and MseI (frequent cutting) restriction enzymes to reduce genome complexity. After 
that, primers were annealed and the products were amplified with a 2 basepair (GG) 
extension to again reduce genome complexity. Constructed SBG libraries were then 
amplified and sequenced on Illumina Hiseq platform. The generated raw reads were 
first split for each particular sample according to the 5-bp sequence barcode. No 
mismatches in the barcode and PstI footprint were allowed. Reads with mismatches 
in these first 11 nucleotides were left unassigned. After splitting files, barcode and 
PstI restriction footprint sequences were removed and replaced by the proper PstI 
restriction sequence. Reads mapping, variant calling and filtering were performed 
using the method described in Supplementary Notes. An  imputed dataset of 14,152 
SNPs was utilized for the population genetics analysis. 

Pairwise genetic distance analysis 

The R package poppr (Kamvar et al., 2014) was used to create a pairwise genetic 
distance matrix for the 912 accessions with bitwise.dist function. All the genetic 
distance values were normalized to 0-1 after obtaining the matrix. 

Maximum likelihood (ML) tree construction and population structure analyses 

IQ-TREE v1.6.10 (Nguyen et al., 2015) was used to construct ML trees for our B. 
oleracea nucleotide version SNP matrix, with the following parameters “-m 
MFP+ASC -bb 1000 -bnni”. The best model was automatically determined based on 
the Bayesian Information Criterion (BIC) in the IQ-TREE pipeline, as well as 1000 
replicates of ultrafast bootstrapping (UFboot) to estimate node support. The ML tree 
with bootstrap group frequencies was visualized with interactive Tree of Life (iTOL) 
(https://itol.embl.de/) (Letunic and Bork, 2016). The tree was manually inspected to 
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identify accessions which were clearly mis-named or -identified, clustering in 
unexpected morphotype groups. Those accessions were not included in the subsequent 
PCA, STRUCTURE, π and FST analyses. As reconstructing ‘phylogenetic’ 
relationships within a species (B. oleracea) is actually not possible (only between 
species), we refer to this tree as a genealogical tree. 

Principal component analysis (PCA) was conducted using EIGENSOFT v6.1.4 
(Patterson et al., 2006, Price et al., 2006) software packages on individual genotypes 
with default parameters. 

Population structure was inferred using STRUCTURE v2.3.4 (Pritchard et al., 2000) 
on the genome-wide SNPs. The K value, which was defined as a putative number of 
ancestral populations, was set from 1 to 15. For each K value, STRUCTURE was run 
10 times with 10,000 burn-in cycles and 10,000 Markov chain Monte Carlo (MCMC) 
replicates. The CLUMPAK (Kopelman et al., 2015) software was used to estimate 
optimum number of sub-groups with an ad hoc statistics Δk method (Evanno et al., 
2005) and to visualize the sub-population membership for each accession. 

Ancestral type reconstruction  

To reconstruct ancestral states of the ‘ecotype’ (broccoli, cauliflower) and ‘variety’ 
(heading cabbage), we recompiled SNP matrices for each morphotype as found in the 
overall ML analysis and reconstructed a morphotype-specific ML tree using IQ-TREE. 
Ancestral states were reconstructed treating ‘ecotype/variety’ as a character. 
Character states we used were: winter, summer/autumn, tropical for cauliflower, 
winter, summer/autumn for broccoli and red, white, savoy, pointed for cabbages. The 
character state for Romanesco cauliflower’s was set to ‘unknown’ since it is not clear 
which ecotype these accessions belong to. Character evolution was reconstructed onto 
the ML trees using Mesquite v3.61 (Maddison and Maddison, 2019) with the ‘Trace 
Character History’ option, and using unordered parsimony as criterion.   

Genetic diversity analysis 

The average difference per locus over each pair of accessions, π, estimates the level 
of genomic diversity in a group of accessions (Nei and Li, 1979). VCF-tools v0.1.15 
(Danecek et al., 2011) was used to calculate π for our data with a sliding window size 
of 100kb and step size of 10kb. Reduction of diversity (ROD) metrics was also 
calculated based on π-value (Xu et al., 2012, Cheng et al., 2016b). When calculating 
ROD, wild B. oleracea or genebank group was used as the control group. FST is the 
population fixation statistics to calculate the pairwise genomic differentiation between 
two groups of samples (Weir and Cockerham, 1984). Pairwise FST between two 
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different groups was estimated using VCF tools v0.1.15 with a sliding window size 
of 100kb and step size of 10kb. FST results were interpreted using the same methods 
described by Del Carpio et al. (Del Carpio et al., 2011), where the FST value of 0 
denotes no differentiation and 1 denotes complete differentiation between populations. 
Little differentiation is considered when FST＜0.05, moderate differentiation when 

0.05≤FST ＜ 0.15, strong differentiation when 0.15≤FST ＜ 0.25, and very strong 
differentiation when FST≥0.25 (Hartl, 1980, Mohammadi and Prasanna, 2003, Bird et 
al., 2017). 

Species tree reconstruction  

We used SVD-quartets as implemented in PAUP* version 4.0a (build 168) with 
standard settings, for analyzing a 875 x 14,152 SNP matrix (‘Overall’) from which all 
constant sites had been removed, and in which each terminal had been assigned to one 
of the 12 morphotypes. Given the overall IQ-TREE genealogy in which Kales and 
wild B. oleracea were on three separate branches respectively, we decided to allow 
three Kale lineages and three wild B. oleracea lineages in the SVDq analysis, each 
assigned multiple members. After nodes with bootstrap values <50% were collapsed, 
the resulting overall SVDq morphotype tree topology was then used as a constraint to 
estimate branch lengths based on the nucleotide version of a subsampled 57 terminal 
SNP matrix (‘SUB’). This matrix, representing all 12 morphotypes, and using wild 
C9 species as outgroup, was compiled in such a way as to represent (deep) nodes in 
the Overall ML tree. The ‘autoModel’ option in PAUP* was used to find the best-
fitting model and parameter values. Using ‘saveTrees’, the ML based branch lengths 
were computed and the tree saved. The next step was to import the tree in Mesquite 
and use the ‘arbitrarily make ultrametric’ command to produce an ultrametric version 
of the tree. 

Data Availability 

The data for this article have been deposited in Figshare 
(https://doi.org/10.6084/m9.figshare.16338855). 
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Fig. S1 Intra-accession variation analysis based on maximum likelihood tree of heading cabbage and 
cauliflower accessions. For the selected accessions each (TKI424, TKI531, TKI541, TKI529, 
TKI504 and TKI506), ten individual plants were genotyped. Other accessions, are represented by 
one individual plant. TKI870 (B. montana, wild C9 species) was used as an outgroup. 

Fig. S2 Heatmap showing the genetic distance matrix between accessions within  given B. oleracea 
morphotypes or within C9 species. Different colors in the vertical bar represent different ecotypes, 
varieties or species. (a) broccoli (sa: summer/autumn, un: unknown, wi: winter). (b) cauliflower (ro: 
romanesco, sa: summer/autumn, tr: tropical, un: unknown, wi: winter). (c) heading cabbage (po: 
pointed, re: red, sa: savoy, un: unknown, wh: white). (d) kale (kale-bc: bore and curly kale, kale-ms: 
marrow stem kale). (e) wild C9 species (bou: B. bourgeaui, cre: B. cretica, dre: B. drepanensis, inc: 
B. incana, ins: B. insularis, mac: B. macrocarpa, mon: B. montana, rup: B. rupestris, vil: B. villosa). 

Fig. S3 Geographical origin character evolution for (a) broccoli, (b) cauliflower and (c) heading 
cabbage. Different geographical origins were treated as the states of this character. Grey branches 
represent accessions with “unknown” state. 

Fig. S4 Maximum likelihood tree of wild B. oleracea and wild C9 species accessions. The 
abbreviations: WC9 denotes wild C9 species, Wo denotes wild B. oleracea, ge denotes genebank. 
(bou: B. bourgeaui, cre: B. cretica, dre: B. drepanensis, inc: B. incana, ins: B. insularis, mac: B. 
macrocarpa, mon: B. montana, rup: B. rupestris, vil: B. villosa). 

Fig. S5 Δk analysis for the different number of clusters for the B. oleracea and wild C9 species 
accessions. 
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Fig. S6 Population structure of major B. oleracea morphotypes and wild C9 species with different 
numbers of clusters (K=8-12). Each accession is represented by a vertical bar with different colors. 
The length of each colored segment in the bar quantifies cluster membership. 

Fig. S7 Boxplot of genotype missing rate for 912 accessions (a) before and (b) after imputation. 

Fig. S8 Distribution of high-quality SNP markers on the nine chromosomes of B. oleracea. 

Fig. S9 Tree topology of the SVDquartet analysis from Figure 7a, with nodes with bootstrap values 
<50% collapsed, enforced on the SUB matrix (see text). Branch lengths are according to nucleotide 
SNP changes. 

Fig. S10 BEAST SNAPP analysis. Preliminary results of a 146k generation Markov Chain with (a) 
Tracer output of the posterior showing the jump-like improvements in posterior after 50k and 80k 
generations; (b) Consensus tree of trees sampled for the last 40k generations; and (c) Consensus tree 
with effective population size Ne estimates (θ) indicated at the nodes. 

Fig. S11 PCA plots of broccoli accessions. (a) Accessions were classified according to different 
broccoli ecotypes. (b) Accessions were classified according to the collection of materials (genebank 
or modern hybrids). The first two principle components were plotted to visualize the relationships 
among individuals and groups.  

Fig. S12 PCA plots of cauliflower accessions. (a) Accessions were classified according to different 
cauliflower ecotypes. (b) Accessions were classified according to the collection of materials 
(genebank or modern hybrids). The first two principle components were plotted to visualize the 
relationships among individuals and groups.  

Fig. S13 PCA plots of heading cabbage accessions. (a) Accessions were classified according to 
different varieties. (b) Accessions were classified according to the collection of materials (genebank 
or modern hybrids). The first two principle components were plotted to visualize the relationships 
among individuals and groups.  

Fig. S14 PCA plots of kale and Chinese kale accessions. (a) Accessions were classified according to 
different kale types. (b) Accessions were classified according to the collection of materials (genebank 
or modern hybrids). The first two principle components were plotted to visualize the relationships 
among individuals and groups. 

Fig. S15 PCA plots of wild C9 species accessions. The first two principle components were plotted 
to visualize the relationships among individuals and groups. 

Table S1 The information of all accessions used in this study. (Excel spreadsheet) 

Table S2 Summary of wild C9 species accessions. 

Table S3 The number of SNPs that vary between 10 plants within each accession. 

Table S4 Genome-wide nucleotide diversity (π) and reduction of diversity (ROD) for each group. 

Table S5 Pairwise comparison of FST values between different ecotypes/varieties. 

Table S6 Summary of SNPs on each chromosome of B. oleracea. 
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Abstract 

Brassica oleracea is an economically important vegetable and fodder crop species 
that includes many morphotypes exhibiting enormous phenotypic variations. 
Previously, a pan-genome study based on short reads mapping approach has shown 
extensive structural variations between B. oleracea morphotypes. Here, to capture 
more complete genome sequences of B. oleracea, we report new chromosome-scale 
genome assemblies for five different morphotypes, namely broccoli, cauliflower, kale, 
kohlrabi and white cabbage, which were created by combining long-read sequencing 
data and Bionano DLS optical maps. The five assemblies are the most continuous and 
complete B. oleracea genomes to date (contig N50 > 10 Mb). Comparative analysis 
revealed both highly syntenic relationships and extensive structural variants among 
the five genomes. Dispensable and specific gene clusters accounted for ~38.19% of 
total gene clusters based on a pan-genome analysis including our five newly 
assembled genomes and four previously reported genomes. Using the pan-genome of 
B. oleracea and B. rapa, we revealed their different evolutionary dynamics of LTR-
RTs. Furthermore, we inferred the ancestral genome of B. oleracea and the common 
ancestral genome of B. oleracea and B. rapa via a pan-genome approach. We 
observed faster WGT-derived gene loss in B. rapa than in B. oleracea before 
intraspecific diversification. We also revealed continuing gene loss bias during 
intraspecific diversification of the two species and a strong bias towards losing only 
one copy among the three paralogous genes. This study provides valuable genomic 
resources for B. oleracea improvement and insights towards understanding genome 
evolution during the intraspecific diversification of B. oleracea and B. rapa. 
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Introduction 

Long-read sequencing and long-range scaffolding technologies have significantly 
improved the quality of genome assemblies. Pacific Biosciences (PacBio) and Oxford 
Nanopore Technologies (ONT) are two commercial high-throughput long-read 
sequencing platforms that can generate DNA fragments ranging from kilobases to 
megabases (Rousseau-Gueutin et al., 2020). Although the raw reads of these 
technologies have error rates of up to 15%, the accuracy of assembled sequences can 
reach as high as 99.999% via error correction strategies (Jiao et al., 2017, Jiao and 
Schneeberger, 2017, Belser et al., 2018). More importantly, long-read sequencing 
data enables genome assemblies with high contiguity and completeness whereas 
short-read data (Illumina, Roche 454) often results in highly fragmented assemblies 
as it is not suitable to span repetitive regions. The last few years have seen highly 
continuous genomes assembled by long reads for a wide range of species (Schmidt et 
al., 2017, Belser et al., 2018, Deschamps et al., 2018, Ou et al., 2020). Even though 
long-read sequencing technologies have enabled highly continuous assemblies, they 
are solely not sufficient to completely assemble complex eukaryotic genomes, 
especially those of plants with high levels of repeat sequences and large genome size. 
The resulting contigs from sequencing reads require further scaffolding to eventually 
achieve chromosome-scale assemblies. One such long-range scaffolding technology 
is Bionano Genomics optical mapping with its new Direct Label and Stain (DLS) 
technology. This technology uses Direct Labeling Enzyme 1 (DLE-1) to attach a 
single fluorophore to specific sequence motifs to produce fingerprints of DNA 
fragments, thus not damaging DNA molecules at specific sites (Deschamps et al., 
2018). The DLS-labeled molecules are much longer than those labelled via the 
endonuclease approach, with the longest ones becoming larger than 2 Mbp. 
Chromosome-scale assemblies can often be generated in single maps by using DLS 
molecules (Formenti et al., 2019). 

Brassica oleracea (CC, 2n=18) is an economically important vegetable and fodder 
crop species cultivated worldwide. It consists of many morphotypes which exhibit 
enormous phenotypic variations, such as the leafy heading morphotype var. capitata 
(cabbage), the typical curd morphotypes with large arrested inflorescences, including 
var. botrytis (cauliflower), var. italica (broccoli), the kohlrabi’s with their tuberous 
stems (var. gongylodes), the kales (var. acephala) with different leaf types and etc 
(Kole and Henry, 2010, Bonnema et al., 2011, Dias, 2012, Cai et al., 2022a). Despite 
this enormous diversity, B. oleracea truly remains one species and morphotypes can 
be easily interbred. B. oleracea is an important diploid member of the “triangle of U” 
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model, which includes the other two diploid species, Brassica rapa (AA, 2n=20) and 
Brassica nigra (BB, 2n=16), and three allotetraploid species generated through 
pairwise crosses between the diploids, Brassica juncea (AABB, 2n=36), Brassica 
napus (AACC, 2n=38) and Brassica carinata (BBCC, 2n=34) (Nagaharu, 1935a). 
Similar to B. oleracea, B. rapa, B. juncea and B. napus all include many diverse 
morphotypes showing extreme phenotypes. 

To date, several genome sequences of B. oleracea have been created either using 
short-read or long-read sequencing technology. Two B. oleracea reference genomes 
were firstly released in 2014, one from cabbage line 02-12 and the other from the 
doubled haploid B. oleracea annual kale-like type TO1000DH (Liu et al., 2014b, 
Parkin et al., 2014b). Both these genome sequences were generated on the basis of 
Sanger sequencing and deep short-read sequencing data, and anchored to pseudo-
chromosomes by genetic maps. These two genomes have been used as the references 
for many years for comparative and functional genomics studies in B. oleracea crops 
(Zhang et al., 2015a, Cheng et al., 2016b, Golicz et al., 2016a). Recently, several other 
reference genomes, which were primarily created by combining high-coverage long-
read sequencing data with long-range scaffolding information, such as optical maps 
and/or Hi-C, have become available. This includes a re-assembly of cabbage line 02-
12 (Cai et al., 2020), a new broccoli line HDEM (Belser et al., 2018), two new 
cabbage lines (OX-heart and D134) (Guo et al., 2020, Lv et al., 2020) and two new 
cauliflower lines (Korso and C-8) (Sun et al., 2019a, Guo et al., 2020). Increasing 
numbers of pan-genome studies based on de novo assembly approaches in multiple 
crops, such as rice (Zhao et al., 2018, Qin et al., 2021), soybean (Liu et al., 2020), 
maize (Hufford et al., 2021) and rapeseed (Song et al., 2020), have shown that 
structural variations widely exist within a species. Also in B. oleracea, a pan-genome 
study based on a reference-guided approach using short-read sequencing technology 
shows such high level of variations between different morphotypes, with nearly 20% 
of genes affected by presence/absence variation (Golicz et al., 2016b). These studies 
illustrate that a single reference genome is not sufficient to cover the genome 
sequences of a species. For these reasons, it is  necessary to generate more B. oleracea 
reference genomes from highly diverse morphotypes, especially high quality 
sequences, to fully resolve structural variations that affect gene function and 
expression and influence agriculturally important traits. 

Polyploidization is prevalent and recurrent in the plant kingdom and plays a crucial 
role in speciation and species diversification (Cheng et al., 2014, Zhang et al., 2019a, 
Cai et al., 2021). Brassica species are ideal models for polyploidy and evolutionary 
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studies in plants partly because they have experienced the common Brassiceae-
specific whole genome triplication (WGT) event (Wang et al., 2011b, Liu et al., 2014a, 
Parkin et al., 2014a). This event has been confirmed by extensive comparative 
analyses between genome sequences of Brassica species and Arabidopsis thaliana 
(Wang et al., 2011b, Cheng et al., 2014, Liu et al., 2014a). In B. rapa, the three 
subgenomes: least fractionated (LF), medium fractionated 1 (MF1) and most 
fractionated 2 (MF2), were demonstrated to have been evolved from a common 
translocation Proto-Calepineae Karyotype (tPCK) ancestral diploid genome (Cheng 
et al., 2013, Cheng et al., 2014). The extant genome structures of diploid Brassica 
species were shaped during the rediploidization process that followed the WGT, 
which involves extensive gene fractionation, genomic reshuffling and chromosome 
reduction (Cheng et al., 2014). To illustrate the WGT process from a genome 
evolution perspective in Brassica plants, Cheng et al proposed a “two-step theory” 
that suggests a tetraploidization event between the tPCK genomes of MF1 and MF2, 
followed by fractionation and a subsequent hybridization event between the 
diploidized genome and a third tPCK genome LF (Cheng et al., 2012a, Cheng et al., 
2014, Cai et al., 2021). This theory also explains the subgenome dominance observed 
in Brassica plants. Like Brassica’s, many other species including maize, wheat, cotton, 
grasses, and A. thaliana (Senchina et al., 2003, Wang et al., 2006, Buggs et al., 2010, 
Schnable et al., 2011, Cheng et al., 2012a, Pont et al., 2013, Akama et al., 2014, Li et 
al., 2014a, Murat et al., 2014, Renny-Byfield et al., 2015, Cheng et al., 2016a) display 
subgenome dominance, with one subgenome retaining more genes, contributing more 
highly expressed genes and accumulating fewer non-synonymous mutations than 
other subgenomes (Cheng et al., 2014).  

As a pervasive source of genetic change, gene loss is prevalent in all life kingdoms 
and has great potential to result in adaptive phenotypic diversity (De Smet et al., 2013, 
Albalat and Cañestro, 2016). It has been found that gene loss is coupled with extensive 
polyploidy events that create redundant genes, the loss of which usually does not result 
in apparent functional consequences (Albalat and Cañestro, 2016). In addition to 
biased gene loss between different subgenomes following polyploidization, gene loss 
is also biased towards gene function (Albalat and Cañestro, 2016). In B. rapa and B. 
oleracea, genes involved in the response to phytohormone signalling were found to 
be significantly over-retained during gene loss after WGT (Wang et al., 2011b, Cheng 
et al., 2014). Moreover, a functional bias of gene loss can often be observed in species 
that suffer relaxation of a given biological or environmental constraint. This 
functionally biased gene loss is caused by the ‘co-elimination’ of genes that are 
functionally linked in distinct pathways or complexes associated with relaxed 
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constraint (Aravind et al., 2000, Koonin et al., 2004, Albalat and Cañestro, 2016). In 
a recent research, Cai et al (Cai et al., 2021) inferred the B. rapa ancestral genome 
using a pan-genome based approach, which provides an essential reference to 
investigate gene loss during intraspecific diversification. They further illustrated the 
impacts of WGT event and subgenome dominance on intraspecific diversification of 
B. rapa. B. oleracea and B. rapa are sister species and their divergence occurred at 
about 4.6 Mya (Cheng et al., 2017). Due to the lack of high quality reference genome 
sequences, individual genome evolution regarding gene loss during intraspecific 
diversification of B. oleracea is still unexplored. In addition, studies focussing on 
comparative genome evolution between sister species after speciation from their 
common ancestor are sparse.   

Here, we release chromosome-scale genome assemblies of five B. oleracea 
morphotypes, including broccoli, cauliflower, kale, kohlrabi and white cabbage, all of 
which were generated by integrating long reads, optical mapping molecules (BioNano 
Genomics DLS technology) and Illumina short reads. The final assemblies showed 
extremely high contiguity, with contigs having N50 values between 11.4 Mb and 16.3 
Mb and scaffolds having N50 values between 30.5 Mb and 34.1 Mb. Comparative 
analysis among the five new assemblies demonstrates high degrees of synteny among 
B. oleracea genomes as well as extensive structural variations. Together with four 
previously published high-quality genomes, we revealed the composition and features 
of a B. oleracea pan-genome via a de novo assembly approach. Additionally, we 
investigated intact LTR-RTs in the pan-genome of B. rapa and B. oleracea, and 
compared their evolutionary dynamics. Furthermore, using a pan-genome approach, 
we studied the impacts of WGT event and subgenome dominance on intraspecific 
diversification of B. oleracea. We also compared evolutionary patterns regarding 
biased WGT-derived gene loss between B. rapa and B. oleracea after the speciation 
from their common ancestor. Together, our work provides valuable resources for 
genomic-assisted breeding of B. oleracea and sheds lights on understanding 
intraspecific diversification of B. oleracea and B. rapa. 

Results 

Contig assembly of five B. oleracea morphotypes 

Five B. oleracea accessions (DH lines) representing five different morphotypes, 
broccoli, cauliflower, kale, kohlrabi and white cabbage, were selected for genome 
sequencing. Libraries generated from HMW DNA from fresh leaf tissues were used 
as input to generate sequences for the five genomes on Oxford Nanopore GridION 
platform. We produced 1.5 to 7.3 million raw ONT long reads for the five 
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morphotypes, totalling 22.5 to 42.7 Gb of data, with N50 values ranging from 13.04 
Kb to 30.22 Kb (Table S1). Assuming a 630 Mb B. oleracea genome size (Liu et al., 
2014a), these nanopore long reads represented 36~68-fold coverage, and sequences 
longer than 50 Kb amounted to as high as 9.1~11.6-fold coverage. Besides Nanopore 
long-reads, we also produced 4.2-8.3 Gb (6.7-13.2-fold coverage) PacBio sequences 
for each morphotype, with N50 values ranging from 17.5 Kb to 20.9 Kb (Table S2). 
In addition, more than 126.25Gb Illumina reads were generated for each morphotype, 
covering more than 200-fold coverage of the five genomes (Table S3).  

The ONT reads were assembled using SMARTdenovo (Liu et al., 2021b) and the 
resulting five assemblies all showed high contiguity. They consisted of 315-426 total 
contigs and featured N50 values from 6.3 to 13.1 Mb (Table S4-S8). Our broccoli raw 
assembly had a contig N50 size of 9.3 Mb, which is similar to the value of the final 
HDEM assembly (9.5 Mb, most contiguous released B. oleracea reference genome so 
far) (Belser et al., 2018). The total contig size ranged from 536.6 to 562.7 Mb and the 
largest contig varied from 20.1 to 35.7 Mb. Due to the absence of an error correction 
stage in the algorithm of SMARTdenovo (Liu et al., 2021b), the consensus sequences 
required further polishing to improve base accuracy. We polished raw contigs using 
both Nanopore and Illumina reads by running two rounds of Racon (Vaser et al., 2017), 
followed by three rounds of Pilon (Walker et al., 2014). Generally, the polishing 
process slightly increased N50 values but greatly improved complete BUSCO values 
(Table S4-S8). The complete BUSCO values were 82.2%-86.4% for raw contigs in 
the five assemblies. The scores increased to 87.6%-90.4% after Racon polishing and 
to greater than 97% after Pilon polishing. To further evaluate base accuracy of our 
assemblies, we mapped Illumina reads to the corresponding genome to identify 
genomic variations. In total, we identified 3,085,054-3,593,799 variations (SNPs and 
small InDels) in each of five raw assemblies, however, after the polishing process, 
only 44,806-57,274 variations were identified, indicating remarkable base quality 
improvement. The polished assemblies reached high QVs at around 40 and high 
identities at around 99.99% (see Methods) (Table S9).   

Bionano DLS genome maps generation and hybrid scaffolding 

The combination of Bionano Saphyr system and DLS technology yielded 2,767,569-
20,443,958 DNA molecules with lengths longer than 20 Kb for each of the five 
genomes. After filtering out molecules smaller than 150 Kb and molecules with < 9 
labeling sites, a total of 96.47-155.61 Gb Bionano molecules, with N50 values ranging 
from 241.84 to 381.83 Kb, were assembled into genome maps. For each genome, the 
final de novo assembly yielded only 63-93 maps, with N50 values reaching 29.02-
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33.77 Mb. The resulting total genome map length was 575.94-645.47 Mb, with the 
largest Bionano map being 47.51-51.00 Mb (Table S10).  

To further improve genome assemblies, contigs for each genome were scaffolded with 
corresponding DLS maps. The resulting hybrid scaffolds showed strong 
improvements in contiguity, compared to the ONT contig assemblies alone. More than 
97.5% of the original ONT contig sequences were anchored to only ~40 scaffolds in 
each genome, totalling 541.31-557.60 Mb. Scaffold N50 values for the five hybrid 
assemblies were ~30 Mb and the largest sequence was longer than 46 Mb (Table S11). 
After resolving 13-bp gaps and gap-filling, we generated the final assemblies for the 
five genomes, which comprised only 150-249 scaffolds and had contig N50s between 
11.43 and 16.28 Mb (Table 1). The remaining gaps accounted for only 1.04-1.49% of 
the total scaffold size. The long terminal repeat (LTR) assembly index (LAI) (Ou et 
al., 2018) was 15.56-16.83 in each of the five genomes, indicating high quality of the 
genome assemblies. We also evaluated the quality by mapping mRNA-seq reads to 
the corresponding assembly. Up to 98% of mRNA-seq reads can be aligned to the 
genomes, among which ~94% reads were aligned concordantly exactly one time 
(Table S23). Together, these results illustrated the high quality of the five B. oleracea 
assemblies. To construct chromosome-level pseudomolecules, we used a homolog-
based approach and mapped super-scaffolds to the HDEM reference genome (Belser 
et al., 2018, Jiao and Schneeberger, 2020). More than 94% scaffold sequences were 
anchored to the nine pseudochromosomes (Table 1). 
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Table 1 Statistics of final genome assemblies. 

  Broccoli Cauliflower Kale Kohlrabi White Cabbage 
Contigs           
Total length (Mb) 552.24 540.33 560.01 550.61 557.03 
Total number 316 270 364 283 316 
N50 (Mb) 14.46 11.43 16.28 11.74 12.17 
Longest (Mb) 38.59 23.43 46.44 28.36 43.79 
Scaffolds 

     

Total length (Mb) 558.04 547.89 568.26 557.26 565.47 
Total number 226 150 249 162 177 
N50 (Mb) 30.57 34.06 30.34 30.5 31.59 
L50 8 7 8 8 8 
N90 (Mb) 12.41 13.93 13.21 11.74 12.82 
L90 18 16 18 18 17 
Longest (Mb) 47 47.41 48.64 46 48.23 
Gap size (Mb) 5.8 7.56 8.25 6.65 8.44 
GC 36.72 36.65 36.71 36.71 36.74 
LAI 15.56 16.83 16.07 16.83 16.31 
Chr. length (Mb) 526.03 524.69 535.23 531.79 533.55 
Anchor ratio 94.26% 95.77% 94.19% 95.43% 94.36% 

Genome annotation and comparative genomics 

We annotated repetitive elements (TEs) for the five genomes using the EDTA pipeline 
(Ou et al., 2019). Approximately 51.92-53.74% (280.54-299.05 Mb) of the assembled 
sequences of each genome were composed of TEs (Fig. 1A and 1B, Table S12-S16), 
similar to both the JZS v2 and HDEM genomes (Belser et al., 2018, Cai et al., 2020). 
The most abundant TEs were the LTR-RTs, representing 26.13-28.97% (141.21-
161.35 Mb) sequences in each of the five genomes. Using an integrated strategy 
combining ab initio, homolog-based and transcript-based prediction, we identified a 
total of 60,644-61,995 protein-coding genes in each of the five genomes (Table S17). 
Nearly 99% (98.16-99.25%) of the genes were located on chromosomes in our five 
assemblies. BUSCO assessment based on 1,440 conserved plant genes showed that 
96.80-97.80% complete genes were present in each genome. Gene functional 
annotation demonstrated that more than 97.30% of the annotated genes in each 
genome are supported by homology to known proteins or functional domains in other 
species (Table S18). Taken together, these results showed the near-complete gene 
models in our five assemblies. 
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Fig. 1 Comparisons of genomic components and whole genomic sequences among the five new 
Brassica oleracea assemblies. (A) Size of genomic components in the five assemblies. (B) 
Percentage of genomic components in the five assemblies. As indicated in (B) for the broccoli 
genome, different colours in each of the other four genomes represent different genomic components 
(red: TEs, aqua: coding sequence, yellow: intron sequence, green: intergenic sequences, blue: Ns). 
(C) Whole-genome comparison among cauliflower, broccoli and kale. (D) Whole-genome 
comparison among kohlrabi, broccoli and white cabbage. Note: in (C) and (D), only genomic 
rearrangements with length > 50Kb are shown.  

On a genome-wide scale, protein-coding genes were enriched in chromosome arms 
while TEs tended to be enriched in (peri-)centromeric regions (Fig. S1). Overall, the 
five assemblies showed similar genomic components, with approximately 11% 
(60.25-61.09 Mb) coding sequences, 9% (50.42-52.14 Mb) intron sequences, 26% 
(142.89-148.19 Mb) intergenic sequences and 1% (5.80-8.44 Mb) gaps (N’s). 
However, the size of TEs were more variable among the five assemblies. In 
cauliflower genome, 280.53 Mb sequences were annotated as TEs, which was 15.33-
18.52 Mb less than the figures of the other four genomes (Fig. 1A and 1B). 
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Fig. 2 (A) Ratio of syntenic depth between broccoli and cauliflower genome. (B) Homologous dot 
plot between broccoli and cauliflower genome. (C) Macrosynteny among the five genomes with grey 
links connecting blocks of >30 one-to-one gene pairs. Red lines indicate inversions. (D) Ks 
distribution of each two of the five genomes. (E) Ka/Ks distribution of each pair of the five genomes. 

Comparative analyses among the five genomes show that they are highly collinear, 
which was demonstrated by their highly conserved genomic sequences, as well as 
gene content and order along each chromosome (Fig. 1C and 1D, Fig. 2, Fig. S2 and 
S3). Approximately 80% of each of the other four genome sequences matched in one-
to-one syntenic blocks with the broccoli genome (Table S32). Substantial collinearity 
notwithstanding, we did detect 6.52-13.96 Mb inversions, 25.79-34.88 Mb 
translocations, 7.97-14.22 Mb insertions and 20.80-32.33 deletions (size ≥ 30bp) in 
whole genome comparisons of each of the other four genomes with the broccoli 
genome (Fig. 1C and 1D, Table S33-S44). Notably, we identified eight large 
inversions with sizes ranging from 134 Kb to 4.88 Mb, which were verified by 
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Bionano maps (Table S24, Fig. S16). Macrosynteny analysis also revealed five large 
inversions (size: 0.63 to 4.75 Mb) that were already identified based on whole genome 
comparison among the five genomes (Fig. 2C). Each pair of the five genomes shows 
clear 3:3 synteny patterns, with each region in one genome having up to three syntenic 
regions in another genome, indicating that B. oleracea genomes share a whole genome 
triplication (WGT) event (Fig. 2A and 2B, Fig. S2, Fig. S3). To detect genes that 
might be under selection, we calculated the rate of synonymous mutations per 
synonymous locus (Ks) between 1:1 orthologous genes for each pair of the five 
genomes. Comparable Ks distributions were identified between the ten comparisons 
with only one peak being found, suggesting that these genes may have diverged from 
the common ancestors of B. oleracea (Ks: 0.008~0.0111) (Fig. 2D). We then 
calculated the Ka/Ks ratios to find genes with evidence for selection. Because most 
nonsynonymous mutations are deleterious and experienced strong purifying selection 
(Sun et al., 2018), the Ka/Ks ratios for most orthologous genes are expectedly close 
to zero. Approximately 13,726~17,003 genes in each of the five genomes were 
identified likely to be under strong purifying selection (Ka/Ks<0.6). In contrast, 
relatively few genes (1,737-2,038) were detected to be under positive selection 
(Ka/Ks>1) (Fig. 2E). 

Composition and features of B. oleracea pan-genome  

We constructed a B. oleracea pan-genome comprising our five new assemblies and 
four published genomes (Belser et al., 2018, Cai et al., 2020, Guo et al., 2021), all of 
which were assembled using long-read sequencing technology. Pairwise whole 
genome and gene set comparisons, and modelling of the pan-genome suggested a pan-
genome size of ~653 Mb with ~84,000 genes and a core-genome size of ~458 Mb 
including ~33,000 genes. Both pan-genome size and pan-gene number increased when 
adding additional genomes, however both the core-genome size and core-gene 
number decreased (Fig. 3A and 3B). Using OrthoFinder, we detected 60,940 gene 
clusters in the B. oleracea pan-genome, consisting of 535,182 annotated genes in the 
nine genomes. Of these total gene clusters, 37,669 (~61.81%), 21,891 (~35.92%) and 
1,380 (~2.27%) were considered as core, dispensable and specific gene clusters, 
respectively (Fig. 3C and 3D). The proportion of core gene clusters was much higher 
than the percentages for dispensable and specific gene clusters. We found 48,543-
49,303 core genes representing 79.53%-80.05% of total gene models in our five newly 
generated genomes. A total of 62-117 specific genes and 530-707 orphan genes (genes 
with no paralogues and no orthologues in other genomes) were detected in the five 
genomes. 
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Fig. 3 Pan-genome analyses of nine Brassica oleracea genomes. (A) Pan-genome and core-genome 
modelling for sequences, which were based on pairwise whole-genome comparisons across nine 
genomes. (B) Pan-genome and core-genome modelling for gene space, which was based on gene set 
comparisons across nine genomes. (C) Compositions of the B. oleracea pan-genome. The histograms 
show subsets of core, dispensable and specific gene clusters. The dots in between the histogram bars 
refer to other combinations that are not displayed (see Table S45). (D) Ratio of gene clusters marked 
by each composition. (E) Ratio of classified genes in each genome. Orphan genes are those with no 
paralogues and no orthologues in other genomes. (F) Proportion of genes with InterPro (IPR) 
domains in the Broccoli core genes, dispensable genes and private genes. Private genes include genes 
within specific gene clusters and orphan genes. (G) CDS length of core, dispensable and private 
genes in Broccoli genome. (H) Expression level of core, dispensable and private genes in Broccoli 
genome. 

We found that 73.35% of the core genes in the broccoli genome were annotated with 
InterPro domains. This proportion was much higher than the percentages for the 
dispensable and private genes (including specific genes and orphan genes), which 
accounted to 37.41% and 22.94% resp. (Fig. 3F). The average CDS length of core 
genes are significantly longer than those of less conserved genes (Student-Newman-
Keuls test with a = 0.01) (Fig. 3G). Additionally, the average gene expression level 
of the core genes was significantly higher than those of dispensable and private genes 
(Student-Newman-Keuls test with a = 0.01) (Fig. 3H). Gene Ontology (GO) 
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enrichment analysis showed that core genes were mainly enriched in essential 
biological processes, including regulation of metabolic processes, biosynthetic 
process and transcription, host cellular component and nucleotide binding process 
(Fig. S4A). However, dispensable genes were mainly enriched in terms of cellular 
respiration, translation, organelle component and ribonuclease activity. Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway analyses showed that core 
genes were enriched in pathways related to transcription factors, specific metabolism, 
transporters, replication and repair, whereas dispensable genes were mainly enriched 
in pathways related to ribosome, translation, photosynthesis, oxidative 
phosphorylation (Fig. S4B).  

Different evolutionary dynamics of LTR-RTs in B. oleracea and B. rapa 

We detected 4,739-5,995 intact LTR-RTs, totalling 32.04-40.57 Mb in each of the 
nine B. oleracea long-read assemblies, however, only 690 and 1,482 (3.42 and 8.13 
Mb) intact LTR-RTs were found in two short-read assemblies (JZSv1 and TO1000) 
(Table S19). The remarkably less intact LTR-RTs in short-read assemblies could be 
due to the collapse of short reads from these regions. Copia-like LTR-RTs are more 
abundant than Gypsy-like LTR-RTs in all B. oleracea genomes (Fig. 4A). The nine 
long-read assemblies showed similar LTR-RTs length distribution. Generally, Copia-
like LTR-RTs peaked at around 5-6Kb, while the lengths of Gypsy-like LTR-RTs 
were more variable (Fig. S5). On average, the lengths of Gypsy-like LTR-RTs are 
longer than those of Copia-like LTR-RTs. In the published 18 B. rapa genomes, we 
only identified 2,573-3,958 intact LTR-RTs, totalling 17.19-26.33 Mb (Fig. 4A and 
4B, Table S20). Statistically, B. oleracea accumulated significantly more LTR-RTs 
than B. rapa (Fig. 4A and 4B), consistent to a previous study (Liu et al., 2014a). The 
length distributions of LTR-RTs among the 18 B. rapa genomes are similar (Fig. S6), 
which are also comparable to those of B. oleracea.  
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Fig. 4 Evolutionary dynamics of full-length LTR-RTs in Brassica oleracea and Brassica rapa. 
The number (A) and total genome size (B) of full-length LTR-RTs in B. oleracea and B. rapa pan-
genome. Distributions of insertion time dated by divergence rate of full-length LTR-RTs (the rate of 
neutral mutation sites accumulated in the two terminal repeat sequences of LTR-RTs). This was 
calculated in the (C) 11 genome assemblies of B. oleracea and (D) 18 genome assemblies of B. rapa. 
(E) Ratio of LTR-RTs that were accumulated in each time range in B. oleracea and B. rapa genomes. 
JZSv1 and TO1000 were not included in this calculation. Significance is determined by a two-sided 
Wilcoxon rank-sum test. 

Analysis of LTR insertion time revealed continuous LTR-RTs expansion in all nine 
long-reads assembled B. oleracea genomes since ~3 Mya (Fig. 4C), after the 
speciation with its sister species of B. rapa (Cheng et al., 2017). We identified two 
LTR-RTs burst events in B. oleracea genomes, a “young” event that has taken place 
in eight long-read assembled genomes (not present in HDEM) around 0-0.2 Mya, and 
an “old” event that occurred in all nine genomes around 1.2-1.4 Mya, with 25.07%-
33.14% and 5.58%-6.90% LTR-RTs being formed at these two time ranges, 
respectively (Fig. 4E). Generally, the evolutionary dynamics of LTR-RTs in B. 
oleracea genomes are similar. Nevertheless, the remarkable LTR-RTs number 
variation, especially for the newly inserted LTR-RTs, among B. oleracea genomes 
may indicate different changes in LTR-RTs patterns during the intraspecific 
diversification. As an illustration, we found less than twice as many newly inserted 
LTRs in HDEM than in the other eight genomes. In B. rapa, continuous LTR-RTs 
expansion initiated later, at ~2 Mya (Fig. 4D). Only one LTR-RTs burst event was 
found in each of the 18 B. rapa genomes, which is shared in time with the “young” 
LTR-RTs burst event in B. oleracea, with significantly higher percentage of LTR-RTs 
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(43.53%-63.55%) being accumulated during 0-0.2 Mya than in B. oleracea (Fig. 4E). 
In B. rapa, the vast majority of LTR-RTs (66.30%-79.22%) were formed at the time 
range of 0-0.4 Mya, whereas only 28.23%-47.16% LTRs were accumulated in B. 
oleracea at the same time range (Fig. 4E). B. oleracea accumulated significantly 
higher percentage of LTRs than B. rapa from ~3.8 Mya until ~0.4 Mya (Fig. 4E). 
Together, these data suggested that LTRs accumulated faster in the recent ~0.6 Mya 
and later in B. rapa than in B. oleracea, indicating different evolutionary dynamics of 
LTR-RTs in the two sister species. 

Faster gene loss in B. rapa than in B. oleracea before intraspecific diversification 

Using a pan-genome strategy (Cai et al., 2021), we inferred the ancestral genome of 
B. oleracea (ABol). A total of 33,287 WGT-derived genes (14,153, 10,192, and 89,42 
genes in LF, MF1 and MF2 subgenomes, respectively) formed ABol, 3,121 more than 
in the inferred B. rapa ancestral genome (ABra) (Cai et al., 2021). Sliding windows 
with 500 genes and an increment of two genes were used to calculate gene densities 
in the three subgenomes. Similar to its sister genome ABra, we discovered the 
phenomenon of subgenome dominance in ABol, with average gene densities of 0.745, 
0.537 and 0.470 in LF, MF1 and MF2 subgenomes respectively (Fig. S7A). 
Additionally, using the broccoli genome as a representative of the diverse 
morphotypes, we found significantly lower gene densities in all its three subgenomes 
compared to ABol. On average, 0.075, 0.091 and 0.110 genes in broccoli LF, MF1 and 
MF2 subgenomes were fractionated (Fig. S7B). The gene density and gene 
fractionation distributions along the seven AKBr chromosomes among the nine B. 
oleracea extant genomes were similar (Fig. S12 and S13), consistent with the broccoli 
representative genome. Our results suggest that genes were extensively fractionated 
in all the individual genomes of B. oleracea during the intraspecific diversification 
(Fig. S13). Gene fractionation patterns along 24 ancestral karyotype (AK) blocks for 
nine B. oleracea genomes representing diverse morphotypes were also comparable in 
all three subgenomes, with blocks D and G of the LF subgenome showing much 
higher levels of gene loss (Fig. S8). Most B. rapa genomes, also representing diverse 
morphotypes, also showed similar gene fractionation patterns along the seven AKBr 
chromosomes as well as the 24 AK blocks (Fig. S9, Fig. S14, Fig. S15), which were 
also generally in agreement with those of B. oleracea. However, gene fractionation 
ratios in specific blocks for several B. rapa genomes differed remarkably from the 
other B. rapa genomes, such as blocks G, N, T and V of OIC’s (ssp. oleifera, Rapid 
cycling’s) LF subgenome, block I of TUE’s (ssp. rapa, European Turnip’s ) MF1 
subgenome, block V of CXA’s (ssp. parachinensis, Caixin’s) MF2 subgenome, and 
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etc (Fig. S9). Interestingly, the blocks D and G showed increased gene fractionation 
in the LF subgenome of almost all B. rapa and B. oleracea morphotypes. 

 

Fig. 5 Less gene fractionation in ancestral genome of Brassica oleracea (ABol) than in ancestral 
genome of  Brassica rapa (ABra). (A) Gene density distribution on the seven inferred chromosomes 
of AKBr in the three subgenomes of ABol and ABra. The figure on the right shows gene density in each 
window. Two-tailed Student’s t-test was performed to compare gene densities between ABol and ABra 
for each subgenome. (B) Gene fractionation distribution in the three subgenomes of ABol and ABra. 
The figure on the right shows gene fractionation ratio in each window. Two-tailed Student’s t-test 
was performed to compare gene fractionation ratio between ABol and ABra for each subgenome. 500-
gene windows with an increment of two genes was used to calculate gene density and gene 
fractionation ratio in (A) and (B). 
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Fig. 6 Different gene fractionation patterns between Brassica oleracea and Brassica rapa. (A) 
Average gene fractionation ratio of nine B. oleracea and 18 B. rapa accessions in the three 
subgenomes. Red, blue and green horizontal dashed lines represent average gene fractionation ratios 
of ancestral genome of B. oleracea (left) and ancestral genome of B. rapa (right) relative to ABol_Bra. 
(B) Gene fractionation patterns from ABol_Bra to extant genomes of B. oleracea and B. rapa. Values 
next to arrows represent average gene fractionation ratios from the ancestral genome to its descendant 
genome in the three subgenomes. (C) Phylogenetic tree of 28 Brassica genomes and their estimated 
divergence times (million years ago).  

We further constructed the common ancestral genome of B. oleracea and B. rapa 
(ABol_Bra), a gene repertoire consisting of 34,547 WGT-derived genes (14,539, 10,659 
and 9,349 in LF, MF1 and MF2, respectively), by merging genes in ABol and ABra and 
ordering the non-redundant genes in the tPCK karyotype. The average gene densities 
relative to ABol_Bra for all three subgenomes of ABol (0.745, 0.537 and 0.470 in LF, 
MF1 and MF2, respectively) were significantly higher than those of ABra (0.727, 0.507 
and 0.435 in LF, MF1 and MF2, respectively) (Fig. 5A). In agreement with this, the 
average gene fractionation ratios in three subgenomes of ABol (0.027, 0.044 and 0.045 
in LF, MF1 and MF2, respectively) were significantly lower than those of ABra (0.101, 
0.141 and 0.165 in LF, MF1 and MF2, respectively) (Fig. 5B), which was also 
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reflected in the 24 AK blocks (Fig. S10). This suggests that after the speciation 
between B. oleracea and B. rapa, WGT-derived gene loss in B. rapa was stronger 
than that in B. oleracea. We further investigated gene fractionation in individual 
genomes of B. oleracea and B. rapa. In contrast to the different fractionation rates of 
their respective ancestral genomes, similar average gene fractionation ratios were 
identified between the 18 genomes of B. rapa (0.084-0.129 in LF, 0.108-0.174 in MF1 
and 0.112-0.165 in MF2, respectively) and the nine genomes of B. oleracea (0.075-
0.105 in LF, 0.091-0.124 in MF1 and 0.104-0.128 in MF2, respectively) (Fig. 6A and 
6B). 

A phylogenetic tree including the genomes of 18 B. rapa, nine B. oleracea and one B. 
nigra (outgroup) was constructed using 4,756 single-copy orthologous genes. We 
revealed two main lineages: one for B. oleracea and the other one for B. rapa, both of 
which were supported by high bootstrap values (Fig. S11). Within the B. oleracea 
lineage, we revealed the two main cultivated lineages: “Arrested Inflorescence 
Lineage (AIL)” and “Leafy Head Lineage (LHL)”, with kohlrabi situated at the 
junction of these two lineages, consistent with an earlier report (Cai et al., 2022a). Our 
phylogenetic tree also supported the hypothesis that kale lineage leads to the “AIL” 
and “LHL” (Cai et al., 2022a) (Fig. 6C, Fig. S11). The genealogical relationships 
within B. oleracea were consistent with morphotypes rather than geographical origin. 
The B. rapa lineage in our analysis largely corroborated the one revealed by Cai et al 
(Cai et al., 2022c) with minor differences, both of which revealed five monophyletic 
groups for these diverse B. rapa morphotypes. Estimation of divergence times based 
on Bayesian inference using MCMCTree program suggested that intraspecific 
diversification for the sister species B. oleracea (~4.21 Mya) and B. rapa (~4.33 Mya) 
happened simultaneously and shortly after their speciation (~6.5 Mya) (Fig. 6C). 
Together with the gene fractionation ratios as observed in this study, these results 
suggest that B. rapa experienced faster WGT-derived gene loss than B. oleracea 
before their intraspecific diversification, however, during the intraspecific 
diversification, B. oleracea and B. rapa experienced gene loss at a comparable speed.  

Biased gene loss within and between B. oleracea and B. rapa 

A total of 1,260 (386, 467 and 407 in LF, MF1 and MF2, respectively) WGT-derived 
genes were lost in the three subgenomes of ABol in relation to ABol_Bra (Fig. 7A). 
Among these non-redundant genes, we observed that 97.2% lost one copy of their 
paralogues, 2.6% lost two copies and 0.2% three copies, suggesting a strong bias 
towards losing only one copy among the three paralogous genes. In comparison, much 
more genes were lost in ABra, with 1,423 1,477 and 1,481 genes in LF, MF1 and MF2, 
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respectively. A total of 71.1% non-redundant genes lost only one copy of the three 
paralogous genes in ABra, again suggesting biased loss of only one paralogous copy. 
Interestingly in ABra, we observed a surprisingly high ratio (26.1%) of non-redundant 
genes that had lost all the three copies of paralogous genes (Fig. 7B), which is a major 
factor contributing to the faster gene loss in ABra than ABol. Gene ontology (GO) 
enrichment analysis of these genes of which all three copies were lost (738 genes) 
showed that the vast majority of enriched GO terms were associated with biological 
process, including biological regulation, response to stimulus, response to chemical, 
response to phytohormones (auxin, cytokinin and jasmonic acid) and etc (Table S25), 
which suggests a large amount of ancestral B. rapa-specific relaxations of biological 
or environmental constraints leading to co-elimination of all three copies of 
paralogous gene. In addition, the two species also showed biased patterns of gene loss 
with respect to the lost gene functions. Enriched GO terms of lost genes in ABol were 
mainly related with ‘housekeeping roles’, such as DNA damage response, ATP/ADP 
binding, nuclease activity and other essential cellular functions (Table S26-S28). In 
ABra, besides functional GO categories with ‘housekeeping roles’, the vast majority of 
enriched GO terms of the lost genes belong to biological process including those likely 
related to the adaptations to changes in environmental conditions (Table S29-S31). 
This suggests that ABra suffered relaxation of biological or environmental constraints 
more so than ABol, indicating species-specific adaptation to the environment through 
adaptive gene loss. During intraspecific diversification, the extant genomes of B. 
oleracea and B. rapa both showed clear bias to one-copy gene loss and remarkably 
few three-copy gene loss (Fig. 7C and Fig. S17). We then investigated gene loss bias 
between each two extant individual genomes of B. oleracea or B. rapa. Among all B. 
oleracea pairwise genome combinations, we found that on average only 33.42%, 
37.43% and 37.81% common genes were lost in LF, MF1 and MF2, respectively (Fig. 
7D, Fig. S18). These figures were relatively higher in B. rapa, with 38.88%, 43.38% 
and 44.88% in LF, MF1 and MF2, respectively (Fig. 7D, Fig. S19). These results 
suggest that gene loss remains biased among extant genomes during the intraspecific 
diversification. Among all pairwise genome comparisons between extant B. oleracea 
and B. rapa genomes, we found on average only 11.25%, 11.49% and 11.89% shared 
gene loss in LF, MF1 and MF2, respectively (Fig. 7E, Fig. S20). Taken together, our 
results suggest the continuing gene loss bias, both within and between species, during 
intraspecific diversification of B. oleracea and B. rapa.  
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Fig. 7 Biased gene loss in Brassica oleracea and Brassica rapa. Common and unique gene losses 
among the three subgenomes of ABol (A) and ABra (B). (C) The ratio of one-copy, two-copy and three-
copy gene loss in the extant genomes of B. oleracea or B. rapa. Each black dot represents one 
individual genome. (D) Distribution of shared gene loss between each two of the extant genomes of 
B. oleracea or B. rapa in the three subgenomes. Each black dot represents one pairwise combination 
of the nine B. oleracea or 18 B. rapa genomes. (E) Distribution of shared gene loss between extant 
genomes of B. oleracea and B. rapa in the three subgenomes. Each black dot represents one pairwise 
combination of the nine B. oleracea and 18 B. rapa genomes. White dots indicate the average value 
in (D) and (E). 

Discussion 

In this study, we de novo assembled chromosome-scale reference genomes for five 
different B. oleracea morphotypes by integrating data from short-read sequencing 
(Illumina), long-read sequencing (Oxford Nanopore and Pacific Biosciences) and 
Bionano Genomics DLS optical maps. To our knowledge, these five assemblies 
exhibit the highest contiguity among released B. oleracea genomes. Comparative 
analysis revealed both highly syntenic relationships and extensive structural variants 
among the five genomes, which highlights the insufficiency of single-reference 
genomes to represent the sequences of a species. These five newly generated 
assemblies together with other published high-quality B. oleracea reference genomes 
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provide an opportunity to investigate the composition and features of B. oleracea pan-
genome via a de novo assembly approach (Danilevicz et al., 2020). Moreover, B. 
oleracea is one of the ideal models for studying polyploidization and evolution in 
plants. With these genomes representing diverse morphotypes, we inferred the 
ancestral genome of B. oleracea using a pan-genome strategy (Cai et al., 2021) and 
systematically studied the WGT-derived gene fractionation during its intraspecific 
diversification, as well as compared the patterns with its sister species B. rapa. The 
present work not only provides valuable genomic resources to the Brassica scientific 
community for B. oleracea improvement, but also provides insights towards 
understanding individual genome evolution during the intraspecific diversification of 
B. oleracea and B. rapa.  

The completeness of a reference genome is of great importance to reliably detect LTR 
elements with complex structures. In the present study, we used the same approach to 
identify intact LTR-RTs in 11 B. oleracea genomes (nine long-read and two short-
read assemblies, respectively) and 18 B. rapa genomes. By comparing the LTR-RTs 
content between the nine long-read and the two short-read B. oleracea assemblies, we 
showed that much more intact LTR-RTs were detected in long-read assemblies, with 
the sizes being 9.37-11.86 times larger than TO1000 genome and 3.94-4.99 times 
larger than JZS v1 genome. More complete detection of LTR-RTs also provided new 
insights into the evolution of LTR-RTs in B. oleracea. A “young” LTR outbreak event 
was identified in eight B. oleracea genomes, however this event was not observed in 
the two short-reads assemblies probably because these LTR-RTs were not 
successfully assembled in these two genomes. This “young” LTR outbreak is also not 
identified in the HDEM genome, however, we cannot rule out whether this is due to 
assembly artifacts. Transposable elements (TEs) have played an important role in the 
evolution of plant genomes (Lisch, 2013, Chuong et al., 2017, Cai et al., 2020, Liu et 
al., 2021a). Among different categories of TEs, LTR-RTs have been shown to 
contribute significantly to genome size expansion in plants owing to their high copy 
number and large size (Rensing et al., 2008, Schnable et al., 2009, Nystedt et al., 2013, 
Ming et al., 2015, Ou and Jiang, 2018). It is reported that LTR-RTs are highly unstable 
in plant genomes (SanMiguel et al., 1998, Domansky et al., 2000, Devos et al., 2002, 
Liu et al., 2021a), and it is often observed that LTR-RT components vary among 
different subspecies (Cai et al., 2020, Sun et al., 2022b). Our results also showed that 
LTR-RTs components strongly differed in both B. oleracea and B. rapa genomes, 
suggesting LTR-RTs as important drivers for intraspecific diversification. Assuming 
that B. oleracea and B. rapa diversified at ~4.6 Mya (Cheng et al., 2017), we would 
conclude that nearly all LTR-RTs in these two species were inserted during the period 
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of intraspecific diversification (Fig. 4A and 4B) and no LTR-RTs were inherited from 
their common ancestor. A burst of transposable elements has been reported in 
connection with taxonomic groups and species formation as well as domestication 
(Belyayev, 2014). We see different patterns of both LTR-RTs and gene loss dynamics 
in B. rapa and B. oleracea extant genomes, which should be studied in depth to 
understand the diversification history of these two species.  

Single-reference genomes are not sufficient to cover the whole genome sequence of a 
species. This has been confirmed by pan-genome studies in major crops, such as 
soybean (Liu et al., 2020), rice (Qin et al., 2021), maize (Hufford et al., 2021) and 
rapeseed (Song et al., 2020). Previously, a B. oleracea pan-genome including nine 
varieties and a wild relative was constructed using an iterative assembly approach 
with NGS data. Even though nearly 18.7% of the pan-genome is composed of variable 
genes, it is still likely that genomic variations resolved in this pan-genome are 
underestimated. First reason is that numerous complex variations cannot be detected 
by simply mapping short reads to the reference genome (Liu et al., 2020). Second 
reason is that short reads often result in incomplete assemblies. Indeed, in our research, 
we found ~35.92% dispensable gene clusters and ~2.27% specific gene clusters in the 
pan-genome constructed based on high-quality de novo assembled sequences, which 
have the potential to resolve the vast majority of genomic variations. More than 20% 
of all genes in each individual genome were assigned as dispensable, specific or 
orphan, suggesting that SVs widely exist between different morphotypes within B. 
oleracea. Pan-genome modelling suggested a B. oleracea pan-genome size of ~653 
Mb and a core-genome size of ~458 Mb. B. oleracea includes many morphotypes with 
enormous phenotypic diversity, however in this pan-genome analysis the nine 
genomes cover only five morphotypes. Inclusion of more morphotypes or increasing 
the number of samples likely leads to a larger estimate of the pan-genome size. Our 
five new assemblies are nearly identical in terms of ratio between each of the core, 
dispensable, specific and orphan genes (Fig. 3E). However, these figures strongly 
differ among the four published genomes which were generated by different labs with 
different approaches  (Fig. 3E). This inconsistency might have been induced by 
different genome assembly and gene prediction approaches. To minimize such effects 
in a pan-genome study, by best solution is to include a large panel of samples in a 
single project to capture the whole pan-genome and implement same approach for 
assembly and gene model prediction, which is however costly. Nevertheless, the pan-
genome dataset constructed from this study is valuable for important functional genes 
and genetic breeding studies as it provides comprehensive genomic variations in the 
gene pool for B. oleracea. 
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B. oleracea and B. rapa are both mesopolyploid species that have been domesticated 
into a remarkable variation in morphotypes, with genomes that have experienced a 
triplication event, followed by extensive gene fractionation and chromosome 
rearrangements (Cheng et al., 2012a). In B. rapa, gene fractionation during individual 
genome evolution has been investigated by constructing an inferred ancestral genome 
based on a pan-genome approach. Cai and colleagues observed the continuing 
influence of the dominant subgenome on B. rapa intraspecific diversification (Cai et 
al., 2021). The B. oleracea pan-genome present in this study allowed us to infer the 
ancestral genome of B. oleracea, as well as a common ancestral genome of B. 
oleracea and B. rapa. Instead of using a single reference genome for each species, we 
constructed the common ancestral genome by including nine B. oleracea and 18 B. 
rapa genomes. This remarkably improved the common ancestral genome since gene 
content is added from diverse B. oleracea and B. rapa genomes, as was discussed by 
Cai et al (Cai et al., 2021). The three inferred ancestral genomes provide the 
opportunity to systematically study gene fractionation patterns both before and during 
intraspecific diversification of the two species. Our data suggest that the ancestral 
genome of B. rapa has undergone stronger gene fractionation than the ancestral 
genome of B. oleracea. Based on divergence time estimation, the ancestors of B. 
oleracea and B. rapa had similar subspeciation initiation times. This brings us to 
conclude that the ancestral genome of B. rapa has experienced faster gene loss than 
B. oleracea. This largely attributes to the extensive loss of all three -copies of many 
genes in the B. rapa ancestral genome. We hypothesize that the ancestral B. rapa has 
undergone its specific relaxations of given biological or environmental constraints, 
which result in the ‘co-elimination’ of all the three copies of redundant genes that 
were triplicated by the WGT. As expected, we observed the continuing influence of 
the dominant subgenome on intraspecific diversification in B. oleracea, similar as in 
B. rapa. Different from the diversification of the two ancestral genomes, extant 
genomes of the two species show comparable speed of gene loss during their 
intraspecific diversification, which is likely driven by human domestication. Our data 
support the finding that gene loss is biased towards both genomic position and 
function. Indeed, the dominant LF subgenome displays significantly more genes than 
MF1 and MF2 subgenomes. The lost genes of ancestral genomes of B. oleracea and 
B. rapa differ in functional GO categories. Furthermore, both in B. oleracea and B. 
rapa, there is a strong bias towards one-copy gene losses, both before and during 
intraspecific diversification. The large fraction of unique gene losses between their 
extant genomes suggests the continuing gene loss bias during intraspecific 
diversification of the two species. 
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Materials and Methods 

Plant materials and DNA sequencing 

Five B. oleracea accessions (DH lines) representing five different morphotypes, 
broccoli, cauliflower, kale, kohlrabi and white cabbage, were used for sequencing and 
de novo assembly in this study.  

Young leaves were collected and high molecular weight (HMW) DNA was extracted 
for each plant following a previously established protocol (Murray and Thompson, 
1980). The SQK-LSK109 Ligation Sequencing kit (Oxford Nanopore Technologies; 
Oxford, UK) was used for library constructions according to manufacturer’s 
instructions. Long-read sequencing data were generated using the Oxford Nanopore 
GridION platform and a run-time of 48 hr. Broccoli and kale samples were both 
sequenced using three flow cells, and cauliflower, kohlrabi and white cabbage 
samples were each sequenced using two flow cells. PacBio SMRTbell libraries were 
constructed from 5 µg HMW DNA using the SMRTbell 
Express Template Prep Kit v1 following the manufacturer’s protocols. Sequencing 
was performed using diffusion loading on the “Sequel SMRT Cell 1M v2” with 
“Sequel Sequencing Kit 2.1” reagents. The concentration for sequencing was set at 
8pM for all samples. To each SMRTcell, a Sequel “DNA Internal Control Complex 
2.1” was added at a low percentage according to the protocol. 

In addition, genomic DNA was extracted from these young leaves using a 
cetyltrimethylammonium bromide (CTAB) method (Allen et al., 2006). Illumina 
libraries with ~450bp and ~600bp insertion sizes were constructed at GenomeScan, 
the Netherlands. The NEBNext® Ultra DNA Library Prep kit for Illumina (cat# NEB 
#E7370S/L) was used to process the DNA samples. Fragmentation of the DNA using 
the Biorupor Pico (Diagenode), ligation of sequencing adapters, and PCR 
amplification of the resulting product were performed according to the procedure 
described in the NEBNext Ultra DNA Library Prep kit for Illumina Instruction 
Manual. The quality and yield after sample preparation was measured with the 
Fragment Analyzer. The resulting libraries were sequenced on Illumina Hiseq 2500 
(~450bp libraries) and X10 (~600bp libraries) platforms. 

RNA-seq sequencing 

To aid in genome annotation, we generated mRNA-seq data for each of the five 
morphotypes. For each morphotype, whole young seedling and different tissues 
including leaves, meristems, curds, stems, and flowers were pooled in one mRNA-seq 
library (Table S21). We included young seedlings that were cultivated under normal 
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condition and under heat treatment (35 ℃). We also included leaves that were under 
different treatments, including normal condition, heat treatment (35℃) for 7 days, 
drought treatment (no water) for 7 days and cold treatment (10℃) for 7 days. Five 
mRNA-seq libraries were sequenced by the Illumina NovaSeq platform with 150bp 
paired-end reads. Raw reads were filtered using fastp (v0.19.5) (Chen et al., 2018) 
with parameters “-q 15 -u 40 -n 5 -l 100 --trim_poly_x --detect_adapter_for_pe”. 

Long-read genome assembly, polishing and quality assessment 

Porechop (v0.2.3_seqan2.1.1) (https://github.com/rrwick/Porechop) was used to 
remove adaptors from raw nanopore reads, and Filtlong (v0.2.0) 
(https://github.com/rrwick/Filtlong) was then used to filter sequences smaller than 
1Kb. Three different assemblers: SMARTdenovo (Liu et al., 2021b), Flye (v2.4.2) 
(Kolmogorov et al., 2019) and WTDBG2 (v2.4.1) (Ruan and Li, 2020), were tested 
with broccoli nanopore reads that were generated from the first two flow cells.  
SMARTdenovo was run with parameters “-c 1” to generate consensus sequences and 
“-k 17” to follow developers’ advices for large genomes. Flye was run with parameters 
“--nano-raw --genome-size 630m”. WTDBG2 was run with preset2 settings “-x ont -
g 630m -L 5000 -p 0 -k 15 -AS 2 -s 0.05”.  Statistically, SMARTdenovo yielded the 
most contiguous assembly, with an N50 size of 4.8 Mb and just 472 total contigs 
(Table S22). The largest contig in this assembly was 19.2 Mb, longer than those for 
the other two assemblies. Assembly completeness of the three different assemblers 
was assessed with BUSCO (v3.0.2) (Waterhouse et al., 2018). Among the three 
assemblers, SMARTdenovo created an assembly with the highest complete BUSCO 
score (Table S22). Based on these metrics, we selected SMARTdenovo to assemble 
the five genomes with parameters “-c 1 -k 17”. 

Assembled contigs were then polished using nanopore reads for two iterations, 
followed by Illumina reads for three iterations. For nanopore reads polishing, 
Minimap2 (v2.18-r1015) (Li, 2018) was used to map raw nanopore reads to raw 
SMARTdenovo assembly or polished assembly after first round with parameter “-x 
map-on”. The resulting paf file was submitted to Racon (v1.3.3) for sequence 
polishing using default parameters (Vaser et al., 2017). For Illumina reads polishing, 
Illumina paired-end reads were aligned to polished contigs from previous iteration 
using bwa mem (v0.7.17-r1188) (Li and Durbin, 2009). The resulting bam file was 
sorted by SAMtools (v1.9) (Li et al., 2009) and then subjected to Pilon (v1.23) 
(Walker et al., 2014) with default parameters for assembly improvement. 

Assembly completeness was assessed by BUSCO (Waterhouse et al., 2018) 
(embryophyta_odb9 dataset, n=1,440) after each round of polishing. In addition, a 



Genome assemblies of Brassica oleracea 

75 
 

3 

variant calling approach was utilized to evaluate the base quality of our assemblies. 
Illumina short reads were mapped against the raw contig and polished contig 
sequences using bwa mem (Li and Durbin, 2009), and variations were called with 
FreeBayes (v1.3.1) (Garrison and Marth, 2012). Only biallelic variants were 
considered for quality assessment. The total length for each type of variants (SNPs, 
insertions and deletions) and the total number of bases covered by ≥3X reads were 
summed with SAMtools depth (Li et al., 2009). Genome-wide quality value (QV) was 

calculated as −10𝑙𝑜𝑔10 ቀ ௟௘௡௚௧௛ ௢௙ ௩௔௥௜௔௡௧௦#௕௔௦௘௦ஹଷ௑௖௢௩௘௥௔௚௘ቁ  and identity was calculated as 100 ∗ቀ1 − ௟௘௡௚௧௛ ௢௙ ௩௔௥௜௔௡௧௦#௕௔௦௘௦ஹଷ௑௖௢௩௘௥௔௚௘ቁ (Jain et al., 2018, Michael et al., 2018).  

DLS optical maps construction and hybrid assembly 

High Molecular Weight plant DNA was extracted from fresh tissue of the five 
morphotypes using the Bionano Prep™ Plant Tissue DNA Isolation Kit. The Direct 
Label and Stain (DLS) technology, together with Bionano Saphyr platform, were used 
for generation of optical mapping data. DLS labeling was performed with 750ng DNA 
using the Direct Labeling and Staining Kit (Bionano Genomics Catalog 80005) 
following manufacturer’s recommendations. The loading of  labeled DNA onto 
Saphyr chip and running of the Bionano Genomics Saphyr System were all performed 
according to the Saphyr 
System User Guide (https://bionanogenomics.com/support-page/saphyr-system/). 
The generated molecules were de novo assembled into genome maps using Bionano 
Solve Pipeline (version 3.4.1) and Bionano Access (version 1.3). “HybridScaffold” 
module in Bionano Solve Pipeline was then used to perform hybrid scaffolding 
between polished contig sequences and Bionano genome maps. As a default parameter, 
the hybrid scaffolding pipeline didn’t fuse overlapped ONT contigs, which were 
indicated by the optical maps, but added a 13-bp gap between the two contigs. We 
checked all 13-bp gaps and aligned both 50-kb flanking regions with BLAT (Kent, 
2002). The two flanking contigs were joined if one alignment was detected (Belser et 
al., 2018). PBJelly (PBSuite_15.8.24) (English et al., 2012) was further used for 
genome gap filling with the PacBio reads (Table S2). 

TE annotation and gene model prediction 

EDTA package (Ou et al., 2019) was used to annotate and classify transposable 
elements for each assembly. This package selected and combined eight published 
programs based on benchmarking exercise of a collection of TE annotation programs. 
Raw candidates from base programs were further filtered to minimize the false 
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discovery rate (Su et al., 2021). Coding sequences from HDEM genome (Belser et al., 
2018) were provided for EDTA to remove potential gene-related sequences in the TE 
library. 

Protein-coding gene models were predicted based on repeat-masked assemblies using 
a strategy that combined ab initio, homology-based and transcripts-based predictions. 
For ab initio prediction, Augustus (v3.3.3) (Stanke et al., 2006), SNAP (Korf, 2004) 
and GlimmerHMM (Majoros et al., 2004) were used to predict gene structures. For 
homology-based prediction, GeMoMa software (v1.6.3) (Keilwagen et al., 2016) was 
applied to infer the annotation of protein-coding genes in each of our five assemblies 
based on protein sequences in previously published genomes, including Arabidopsis 
thaliana (TAIR10, https://www.arabidopsis.org/), Brassica napus (Darmor_V8.1), 
Brassica napus (Tapidor_V6.3), Brassica nigra (V1.1), Brassica oleracea 
(CAP0212), Brassica oleracea (HDEM), Brassica oleracea (TO1000), Brassica rapa 
(Chiffu_V3.0) and Brassica rapa (Z1). Besides homologous evidences, mRNA-seq 
data for each morphotype was also incorporated for splice site prediction. GeMoMa 
was run on each reference genome separately and the resulting gene predictions based 
on each reference genome were combined. The combined predictions were then 
filtered to only include complete gene models that were supported by ≥2 reference 
organisms or mRNA-seq data. For transcripts-based prediction, mRNA-seq reads 
were assembled into transcripts using two different approaches: de novo approach 
with Trinity (v2.9.1) (Grabherr et al., 2011) and genome-guided approach with Hisat2 
(v2.1.0) (Kim et al., 2015) and Stringtie (v2.1.1) (Kovaka et al., 2019). All the 
transcripts were subject to PASA (v2.4.1) (Haas et al., 2008) for gene model 
prediction. Finally, EvidenceModeler (v1.1.1) (Haas et al., 2008) was used to combine 
gene models that were predicted by the three approaches to a weighted consensus gene 
set. 

The protein sequences of predicted gene models were aligned to Swiss-Prot and 
TrEMBL (Consortium, 2015) databases respectively using diamond (v0.9.32.133) 
BLASTP with E value 1 × 10-5. The motifs and domains of protein were predicted by 
using InterProScan (v5.42-78.0) (Jones et al., 2014) with Pfam, PRINTS, 
ProSitePatterns, ProSiteProfiles and SMART databases. Gene Ontology (GO) 
(Ashburner et al., 2000) terms for each gene were extracted from the output of 
InterProScan. KEGG (Kyoto Encyclopedia of Genes and Genomes) annotation was 
performed by KAAS (Moriya et al., 2007). TBtools (version 1.09854) (Chen et al., 
2020a) was used to perform GO enrichment analysis. 

Identification of structural variations 
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We aligned the other four assemblies to the broccoli genome using minimap2 (v2.18-
r1015) (Li, 2018) with parameters “-ax asm5”. The resulting alignments were subject 
to svim-asm (v1.0.2) (Heller and Vingron, 2020) to call SVs with parameters “haploid 
--min_sv_size 30 --max_sv_size 100000”. In addition, we aligned ONT reads from 
the other four morphotypes to the broccoli genome using NGMLR (v0.2.7) (Sedlazeck 
et al., 2018) and called SVs using Sniffles (v1.0.12) (Sedlazeck et al., 2018) each with 
default parameters. To obtain high confidence SV datasets, we then used Jasmine 
(v1.1.0) (https://github.com/jasmine/jasmine) to merge SVs (insertions and deletions) 
that were called with different approach and only kept SV that were called by both 
approach. To identify inversions and translocations, we aligned the other four 
genomes to the broccoli reference genome using nucmer with parameters “-g 1000 -l 
40 -c 90” and filtered the alignments using delta-filter with parameters “-m -i 90 -l 
100”. Syri (v1.2) (Goel et al., 2019) was used to identify genomic translocations and 
inversions based on the alignments. 

Comparative genomics among five B. oleracea assemblies 

Homologous gene pairs and syntenic relationships between five B. oleracea genomes 
were identified using the MCSCAN toolkit implemented in python 
(https://github.com/tanghaibao/jcvi/wiki/MCscan-(Python-version)) with default 
parameters. Microsyntenic dot plots and block depths were generated in python using 
scripts from MSCAN. The resulting gene pairs were filtered out using a C-score cut-
off of 0.99 to obtain 1:1 collinear gene pairs, which were used as input for 
macrosyntenic analysis with parameters “--minspan=30 --minsize=30”. To calculate 
synonymous substitution rates (Ks) for homologous genes among the five assemblies, 
the identified 1:1 collinear gene pairs were used as input for sequence alignment that 
was  performed using ParaAT_2.0 (Zhang et al., 2012) with parameters “-f axt -m 
muscle -g”. Ks values were computed based on the alignments using KaKs_Calculator 
with the method of Nei and Gojobori (Zhang et al., 2006). 

Pan-genome analysis 

OrthoFinder (v2.3.12) (Emms and Kelly, 2019) was used to detect orthologous gene 
clusters based on all protein sequences from nine B. oleracea genomes (HDEM, JZS 
v2.0, Korso, OX-heart and our five genomes) with default parameters. We defined 
core, dispensable and specific gene clusters as orthologous gene clusters that are 
present in ≥7 genomes, in 2-6 genomes and in only one genome respectively, and the 
remaining genes were defined as orphan genes. Pairwise whole-genome sequencing 
alignments of all possible pairs of the nine genomes were generated using nucmer 
program in MUMmer4 package (Marçais et al., 2018). The outputs from OrthoFinder 
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and nucmer were used for gene and sequence level pan-genome analyses, respectively, 
using the approach described in (Jiao and Schneeberger, 2020). 

LTR-RTs analysis 

Full-length LTR-RTs were identified by the parallel version of LTR_FINDER (v1.0.7) 
(Xu and Wang, 2007, Ou and Jiang, 2019) with default parameters, following which 
LTRharvest (Ellinghaus et al., 2008) was applied with parameters “-minlenltr 100 -
maxlenltr 7000 -mintsd 4 -maxtsd 6 -motif TGCA -motifmis 1 -similar 85 -vic 10”. 
Raw intact LTR-RT candidates that were identified by the two programs were merged. 
LTR_retriever (v2.8.2) (Ou and Jiang, 2018) was then used to remove false positives 
and generate non-redundant LTR-RTs. The insertion time of each intact LTR-RT was 
extracted from the output of LTR_retriever, given the mutation rate of 1.5×10-8 
mutations per site per year.  

B. oleracea subgenome construction and ancestral genome inference 

Syntenic gene pairs between nine B. oleracea genomes and A. thaliana genome were 
detected using SynOrths (Cheng et al., 2012b). Three subgenomes (the least 
fractionated (LF), the medium fractionated (MF1) and the most fractionated (MF2) 
subgenome) of each of the nine B. oleracea genomes were constructed using the 
method reported by Cheng et al (Cheng et al., 2012a). Additionally, a pan-genome 
based approach was used to infer the ancestral B. oleracea genome as reported by Cai 
et al (Cai et al., 2021). Briefly, we merged all genes in the nine B. oleracea genomes 
that were syntenic to A. thaliana genome and ordered these non-redundant genes in 
the translocation Proto-Calepineae Karyotype (tPCK) (Cheng et al., 2013). 

Phylogenetic tree construction and divergence time estimation 

OrthoFinder (Emms and Kelly, 2019) was used to determine single-copy genes 
between 18 B. rapa (Cai et al., 2021), nine B. oleracea and B. nigra (Perumal et al., 
2020) genomes. This resulted in a total of 4,756 single-copy gene families within the 
28 genomes. MAFFT (v7.402) (Katoh et al., 2005) was then used to align coding 
sequences of the single-copy gene families, following which Gblock (v0.91b) 
(Talavera and Castresana, 2007) was used to extract the conserved sequences among 
the 28 genomes. IQ-TREE (v1.6.10) (Nguyen et al., 2015) was used to construct 
Maximum Likelihood tree with the following parameters “-m MFP+ASC -bb 1000 -
bnni”. JTT+ASC+R4 was selected as the best model based on the Bayesian 
Information Criterion (BIC), and 1,000 replicates of ultrafast bootstrapping (UFboot) 
was used to estimate node support. B. nigra was designated the outgroup of the 
phylogenetic tree. Divergence times were estimated by the program MCMCtree in 
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PAML (paml4.9j) (http://abacus.gene.ucl.ac.uk/software/paml.html) based on the 
constructed phylogenetic tree. For calibration, we set the divergence time between B. 
rapa and B. oleracea at ~4.6 Mya, and between B. nigra and the common ancestor of 
B. rapa and B. oleracea at ~6.5 Mya (Cheng et al., 2017).   
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Fig. S1 Circos plot of genomic landscape in the five B. oleracea assemblies. Rings A and B represent 
transposable-element and gene density in sliding windows of  500Kb with step size of 100Kb. Ring 
C represents GC content in sliding windows of 2Mb with step size of 1Mb. 

Fig. S2 Ratio of syntenic depth between each two of the five genomes. 

Fig. S3 Homologous dot plot between each two of the five genomes. 
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Fig. S4 Enrichment analysis for core and dispensable gene categories in broccoli genome. (A) Top 
10 GO terms enriched in each GO domains (cellular component, biological process, and molecular 
function) in core and dispensable gene categories. (B) KEGG pathways enriched in core and 
dispensable gene categories. 

Fig. S5 Full-length LTR-RTs length distribution in 11 B. oleracea and one B. rapa genomes. 

Fig. S6 Full-length LTR-RTs length distribution in 18 B. rapa genomes. 

Fig. S7 Subgenome dominance phenomenon observed in B. oleracea during its intraspecific 
diversification. (A) Gene density distribution on the seven inferred chromosomes of AKBr in the 
three subgenomes of inferred ancestral genome of B. oleracea and broccoli. Broccoli genome was 
used as a representative to illustrate intraspecies diversification. The figure on the right shows gene 
density in each window. Two-tailed Student’s t-test was performed to compare gene densities 
between inferred ancestral genome of B. oleracea and broccoli for each subgenome. (B) Gene 
fractionation distribution in the three subgenomes of broccoli. The figure on the right shows the 
distribution of ratios of fractionated genes to the genes in each window of the inferred ancestral 
genome, and the dotted line represents the average ratio in each subgenome. 500-gene windows with 
an increment of two genes was used to calculate gene density and gene fractionation ratio in (A) and 
(B). 

Fig. S8 Gene fractionation ratios of nine B. oleracea accessions in the 24 AK blocks 

Fig. S9 Gene fractionation ratios of 18 B. rapa accessions in the 24 AK blocks. 

Fig. S10 Gene fractionation ratios of ancestral genome of B. oleracea and B. rapa in the 24 AK 
blocks.   

Fig. S11 Phylogenetic relationships of nine B. oleracea and 18 B. rapa accessions using B. nigra as 
an outgroup. Numbers below each node show the bootstrap values. 

Fig. S12 Gene density distribution on the seven inferred chromosomes of AKBr in the three 
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Summary 

Meiotic recombination is crucial for assuring proper segregation of parental 
chromosomes and generation of novel allelic combinations. As this process is tightly 
regulated, identifying factors influencing rate and distribution of meiotic crossovers 
is of major importance, notably for plant breeding programs. However, high-
resolution recombination maps are sparse in most crops including the Brassica genus 
and knowledge about intraspecific variation and sex differences is lacking. Here, we 
report fine-scale resolution recombination landscapes for ten female and ten male 
crosses in B. oleracea, by analyzing progenies of five large Four-Way-Cross 
populations from two reciprocally crossed F1s per population. Parents are highly 
diverse inbred lines representing major crops, including broccoli, cauliflower, 
cabbage, kohlrabi and kale. We produced ~4.56T Illumina data from 1,248 progenies 
and identified 15,353 crossovers across the ten reciprocal crosses, 51.13% of which 
being mapped to less than 10 Kb. We revealed fairly similar megabase-scale 
recombination landscapes among all cross combinations and between the sexes, and 
provided evidence that these landscapes are largely independent of sequence 
divergence. We evidenced strong influence of gene density and large structural 
variations on crossover formation in B. oleracea. Moreover, we found extensive 
variations in crossover number depending on the direction and combination of the 
initial parents crossed with, for the first time, a striking interdependency between these 
factors. These data improve our current knowledge on meiotic recombination and are 
important for Brassica breeders. 

Keywords: Brassica oleracea, crossover, gene density, genetic background, meiotic 
recombination, sex difference, structural variation  
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Introduction 

Meiotic recombination is crucial in a plant’s life cycle as it assures proper segregation 
of parental chromosomes during meiosis, thus guaranteeing genome integrity and 
stability. In addition, meiotic recombination is a key driving force for creating novel 
allelic combinations, enabling plant breeders to combine desired alleles and eliminate 
deleterious mutations (Wijnker and de Jong, 2008, Martin and Wagner, 2009, Li et 
al., 2015). Meiotic recombination is initiated in prophase I of meiosis by the formation 
of hundreds of DNA Double Strand Breaks (DSBs) (Mercier et al., 2015). However, 
this process is tightly controlled and only a small fraction of DSBs results in reciprocal 
exchanges between homologous non-sister chromatids, also referred to as crossovers 
(CO) (De Muyt et al., 2009, Mercier et al., 2015), due to anti-CO factors (Crismani et 
al., 2012, Séguéla-Arnaud et al., 2015, Mieulet et al., 2018). Moreover, besides the 
mandatory CO formed per chromosome pair, which ensures their proper segregation, 
rarely more are observed due to the so-called phenomenon of CO interference that 
reduces the chance of two close-by COs (Sturtevant, 1915, Muller, 1916b, Mercier et 
al., 2015). In most species, two types of meiotic COs co-exist (De Muyt et al., 2009). 
Class I COs, contributing around 85%, notably rely on the ZMM complex and are 
subject to CO interference, whereas Class II COs, representing 15% of all COs, are 
unaffected by CO interference and rely on MUS81 protein (Mezard et al., 2007, 
Osman et al., 2011, Mercier et al., 2015). 

COs are not uniformly distributed along the chromosomes in almost all studied species 
(Mézard et al., 2015, Kianian et al., 2018). Typically, they are concentrated in distal 
regions and always suppressed in centromeric and pericentromeric regions (Marand 
et al., 2017, Dreissig et al., 2019, Raz et al., 2021). In plants, recombination 
landscapes with high CO resolution have been established in the model species 
Arabidopsis and a very limited number of crops with generally more complex 
genomes, like maize (Kianian et al., 2018) and potato (Marand et al., 2017), allowing 
investigation of the influence of associated genomic and epigenomic features. This is 
however lacking in many other genera such as Brassica, with CO maps of  B. rapa 
(Pelé et al., 2017) and B. napus (Boideau et al., 2022) generated with limited numbers 
of SNP markers. It has been found that the occurrence of COs positively correlates 
with gene density that is generally high in distal regions and negatively with TE 
density, which is highest at and next to centromeres (Wu et al., 2003, Erayman et al., 
2004, Anderson et al., 2006, Dooner and He, 2008). Sequence divergence is another 
important genomic factor with a complex relationship with meiotic recombination, 
which varies across different scales and chromosomal contexts (Serra et al., 2018a, 
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Blackwell et al., 2020). Small-scale sequence divergence, such as single nucleotide 
polymorphisms (SNPs) and small InDels, are associated with increased recombination 
frequency (Ziolkowski et al., 2015, Lian et al., 2022b). In natural populations of 
multiple species, positive correlations were observed between SNP density and the 
historical CO landscape, which is measured from linkage disequilibrium (Begun and 
Aquadro, 1992, Nordborg et al., 2005, Spencer et al., 2006, Gore et al., 2009, Paape 
et al., 2012, Cutter and Payseur, 2013). In Arabidopsis, juxtaposition of heterozygous 
and homozygous regions results in increased recombination frequency in 
heterozygous regions while decreased recombination frequency in homozygous 
regions (Ziolkowski et al., 2015, Blackwell et al., 2020). Blackwell et al. (Blackwell 
et al., 2020) discovered a parabolic relationship between SNP density and 
recombination frequency, with initially a positive relationship and then a negative 
relationship along with the increase of SNP density. In tomato, Fuentes et al. (Fuentes 
et al., 2022) found significantly positive overlap between short deletions (< 500 bp) 
and recombination hotspots, suggesting that small InDels do not suppress 
recombination. However, large-scale structural rearrangements have suppressive 
effects on recombination (Rowan et al., 2019, Boideau et al., 2022, Lian et al., 2022b). 
In Arabidopsis, the ~1.2Mb inversion between Col and Ler on chromosome 4 inhibits 
recombination in this region (Rowan et al., 2019, Lian et al., 2022b). A 70Kb 
transposition on chromosome 3 identified between A. thaliana accessions BG-5 and 
Kro-0 also displayed extreme local suppression of recombination (Alhajturki et al., 
2018, Rowan et al., 2019). In B. napus, Boideau et al. (Boideau et al., 2022) 
discovered large inversions (> 1Mb) in two most distal non-pericentromeric regions 
lacking recombination, suggesting that megabase-scale inversions prevent 
recombination. The causality for the strong correlation between sequence divergence 
and CO occurrence is still poorly understood. In a recent study, Lian et al. (Lian et 
al., 2022b) hypothesized that polymorphisms are not causal for the shape of the 
megabase-scale recombination landscape in Arabidopsis, but on the contrary 
recombination contributes to shaping the sequence divergence across the genome. 
Besides genomic factors, epigenetic features, such as DNA methylation, histone 
modifications and nucleosome occupancy, also locally affect CO formation 
(Melamed-Bessudo and Levy, 2012, Mirouze et al., 2012, Yelina et al., 2012, Choi et 
al., 2013, Habu et al., 2015, Choi et al., 2018).  

Despite the strong regulation of CO number and distribution, extensive variation is 
observed both between and within species. Factors responsible for these variations 
have the potential to profoundly influence selective responses and facilitate adaptation 
(Nei, 1967, Feldman et al., 1996, Coop and Przeworski, 2007), all the while being of 
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interest for plant breeders (Wijnker and de Jong, 2008). On the one hand, a large range 
of external factors such as temperature fluctuation, nutritional status, or pathogen 
attack result in CO variations (Modliszewski and Copenhaver, 2017, Dreissig et al., 
2019, Henderson and Bomblies, 2021). On the other hand, intra-specific differences 
in CO rates are observed in the same environment. This is well illustrated in  A. 
thaliana for which CO rates vary twofold among dozens of accessions tested in 
selected intervals (Ziolkowski et al., 2015). In crops, similar observations were 
repeatedly made, as exemplified in maize from which the study of 23 doubled-haploid 
populations revealed intraspecific variation of recombination rates and landscapes 
(Bauer et al., 2013). Marked differences in CO level and pattern were also observed 
between male- and female meiosis; a phenomenon referred to as heterochiasmy 
(Lenormand, 2003, Lenormand and Dutheil, 2005, Sardell and Kirkpatrick, 2020, 
Capilla-Pérez et al., 2021). In Arabidopsis Col-0×Ler populations, many more COs 
were observed in male than female meiosis (Drouaud et al., 2007, Giraut et al., 2011, 
Lian et al., 2022b). Moreover, the megabase-scale recombination landscapes were 
remarkably different with distal regions displaying the highest recombination rates in 
male and the lowest in female meiocytes (Lian et al., 2022a). However, this is not a 
universal feature of plants. Indeed, some species like Brassica oleracea showed a 
reverse pattern with more COs formed in female meiosis (Kearsey et al., 1996), and 
others like B. napus or Coffea canephora exhibiting similar CO levels in male and 
female meiosis, thus no heterochiasmy (Kelly et al., 1997, Lashermes et al., 2001, 
Lenormand and Dutheil, 2005). Interestingly, in maize no differences between male 
and female CO levels were observed in the B73×Mo17 background, while the 
Zheng58×SK background revealed heterochiasmy with more COs generated during 
male meiosis (Kianian et al., 2018, Luo et al., 2019). This latter observation suggests 
that heterochiasmy could be genetic background dependent, however studies to 
support this suggestion, focussing on interaction of both factors on meiotic 
recombination, remain sparse.  

In this study, we investigated recombination variation among ten different genetic 
backgrounds (hereafter also referred to as crosses/cross combinations) in B. oleracea, 
a diploid species displaying enormous phenotypic variation between different 
morphotypes, and studied the sex differences for each cross. To do so, we constructed 
five large Four-way-Cross (FwC) populations with each two F1s being reciprocally 
crossed per population. In total, we sequenced 1,248 progeny genomes and harvested 
~4.56T Illumina data for the five FwC populations. From this fine mapping, we 
identified a total of 15,353 COs and characterized recombination landscapes for all 
ten female and male crosses. We revealed key genomic factors that shape the 
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recombination landscape in B. oleracea, with gene density and large-scale structural 
variations (SVs) influencing genome-wide and local CO formation, respectively. 
While megabase-scale recombination landscapes were fairly similar among the ten 
sex-averaged as well as female-/male-specific crosse, we highlight extensive 
variations in CO number among different crosses and heterochiasmy in some cross 
combinations, revealing that CO variation in B. oleracea is shaped by genetic 
background, heterochiasmy and their interaction.   

Results 

CO identification 

We previously generated five chromosome-scale genome assemblies of five 
homozygous B. oleracea morphotypes, including broccoli, cauliflower, kale, kohlrabi 
and white cabbage (Cai et al., 2022b). To explore the recombination landscapes in B. 
oleracea, we constructed five Four-way-Cross (FwC) populations using the above 
five genotypes as founders, each including four different parents representing four 
different morphotypes (Fig. S1 and Fig. 1). For each FwC population, the two F1s 
were reciprocally crossed to analyse independently female and male meiosis (Fig. 1). 
The five FwC populations included a total of 1,248 progenies (Fig. 1) for which we 
obtained ~4.56T data through Illumina paired-end genome sequencing, with an 
average of 6.55-fold coverage per progeny (Table S1). By mapping reads to the 
broccoli reference genome that is one of the five parents, we called SNPs for the 
parental genomes and progenies. We selected 184,152-413,849 (0.35-0.79 SNP/Kb) 
segregating SNPs in each of the ten reciprocal crosses for CO analyses (Table 1), 
which were uniformly and genome-wide distributed across the nine chromosomes 
(Fig. S2). 
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Fig. 1 Crossing scheme with five parental essentially homozygous lines, representing five 
different Brassica oleracea morphotypes. Five morphotypes are pairwise intercrossed to generate 
ten F1 hybrids (F1a-F1j). The F1s are then intercrossed in both directions to generate Four-way-
Cross (FwC) populations. Meiotic recombinations of all ten combinations of the five morphotypes 
can be studied with these five FwC populations. The number of progenies collected for each FwC 
population is indicated in the figure. B. oleracea has nine pairs of chromosomes: here only two sets 
are depicted. For each FwC population, one progeny is depicted with recombined chromosomes, 
where colors depict parental origin. 

Each set of SNPs was independently subjected to phaseLD for CO identification, 
which implemented sliding windows, Bayesian inference and logistic regression 
approaches (Marand et al., 2017). In total, we identified 15,353 COs from the ten 
reciprocal crosses with 7,492 and 7,861 COs arising during female and male meiosis, 
respectively (Fig. S3 and Table 1). This translates into an average of  ~6.27 and ~6.64 
COs per female and male gamete, respectively. Over all ten sex-averaged crosses, we 
identified 5.80-7.02 COs per haploid gamete over the 2,377 (1,194 female and 1,183 
male gametes) analysed (Fig. 5a). The distribution of total CO number per gamete 
across the ten reciprocal crosses follows a normal distribution (Fig. S4). The high SNP 
marker densities enabled the fine-scale identification of COs, resulting in a median 
resolution of 9,088 bp for the pool of ten sex-averaged crosses, with 89.16%, 80.26% 
and 51.13% COs having an interval resolution lower than 200Kb, 100Kb and 10Kb, 
respectively (Table 1). The observed distributions of CO number for all nine 
chromosomes in all ten sex-averaged crosses revealed that most gametes exhibit 
between zero and one CO per chromatid (Fig. S5a). The rare occurrence of multiple 
COs per chromatid suggests elevated CO interference. On average, 74.10%-96.97% 
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of gametes had zero or one CO in each of the nine chromosomes across the ten sex-
averaged crosses, with larger chromosomes (i.e., C3, C4, C5 and C9) displaying more 
multiple (≥2) COs (Fig. S5a). To analyse CO interference in a model-independent 
way, we calculated the physical distance between adjacent COs only using 
chromosomes of gametes having at least two CO’s. In all the ten cross combinations, 
distributions of adjacent CO distance clearly peaked around 50-55Mb. By contrast, 
the corresponding “non-interference” distributions (see Methods) mainly peaked at 
lower values (< 5Mb), validating strong CO interference in B. oleracea (Fig. S6a). 
Accordingly, the interference strengths as indicated by Kullback-Leibler (KL) 
divergence among the ten sex-averaged crosses were similar (Table S2). Under the 
hypothesis of random CO placements and independent CO events, CO numbers per 
chromatid are expected to follow a Poisson distribution. Comparison between the 
observed CO number distributions and expected Poisson distributions revealed a 
deficit in gametes with 0 CO and an excess of gametes with 1 CO (Fig. S5a and S5b), 
fitting the occurrence of an obligate CO that ensures proper segregation of 
homologous chromosomes.  

Pattern of recombination landscape strongly relies on genomic features 

To compare recombination landscapes among the ten sex-averaged crosses on a 
genome-wide scale, we calculated the CO frequencies using 2Mb sliding windows 
with 50Kb steps and plotted this along B. oleracea chromosomes. Interestingly, we 
revealed remarkably similar recombination landscapes among the ten crosses deriving 
from different parental combinations of the five B. oleracea morphotypes (Fig. 2a and 
Fig. S7). The B. oleracea genome includes three acrocentric- (C6, C7 and C8) and six 
(sub)metacentric chromosomes (C1-C5 and C9). In all the ten crosses, highest CO 
frequencies were observed in distal regions of both arms in the (sub)metacentric 
chromosomes, whereas COs were markedly suppressed at centromeric and 
pericentromeric regions. For the acrocentric chromosomes, besides centromeric and 
pericentromeric regions, COs were also strongly suppressed in the short arm, however, 
CO rates were the highest in distal regions of the long arm. We found significant 
positive correlations between the CO landscapes of different cross combinations, in 
the range of 0.79-0.87 (Spearman’s rank correlation, P < 1e-4, Fig. 2b). The conserved 
recombination landscapes under the given window size are independent of level of 
polymorphisms and structural variations between the two parental genomes. 
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Fig. 2 Recombination landscapes for the ten sex-averaged crosses. (a) Crossover (CO) rate and 
gene density distributions along the nine chromosomes of Brassica oleracea. Analysis is done with 
2-Mb sliding windows and 50-Kb step sizes. The centromere regions are indicated by orange 
shadings. CO rate and gene density values are normalized to 0 to 1. See Fig. S6 for the figures of CO 
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rates before normalization. (b) Genome-wide correlation coefficient (the Spearman’s correlation) 
matrices among the ten sex-averaged CO distributions. 

The 7,852 (480-1,086 COs in each of the ten sex-averaged crosses) fine-resolution 
scale COs with interval length under 10Kb were selected to analyse their potential 
associations with various genomic features. We found that 50.42%-57.29% of COs in 
each of the ten sex-averaged crosses overlapped with gene bodies (exons and introns) 
(Fig. 3a). Interestingly, more than half of these COs (31.54%-39.04% of total COs) 
overlapped with exons, while exon and intron sequences occupied only 10.92% and 
9.03% space in the reference genome (Fig. 3c), respectively. In contrast, only 13.28%-
18.15% of COs overlapped with TEs, which account for more than 53% of the genome. 
In comparison to random CO sites generated from 10,000 permutations, the observed 
CO sites were significantly enriched in gene bodies and their flanking 1Kb regions, 
but significantly depleted in TEs (empirical, P < 1e-4) (Fig. 3b). Permutation tests 
performed by regioneR (Gel et al., 2016) also suggested that genes and COs overlap 
significantly more than expected by chance in all crosses (Fig. S8). Together, these 
results suggest the regional preference of CO sites. More than 99% of fine-resolution 
COs in each of the ten crosses were located within 10Kb of a gene and the distributions 
showed a similar pattern among the ten sex-averaged crosses (Fig. 3d). Gene density 
distribution (2Mb sliding windows with 50Kb steps) was strongly correlated with the 
ten sex-averaged recombination landscapes, with high CO rates in distal gene-rich 
regions (Fig. 2a and Fig. S7). More interestingly, we found that “CO bumps” in 
regions (i.e., C3, C6 and C8) that were far from distal regions in all ten crosses were 
also associated with increased gene density compared to that of their nearby regions 
(Fig. 2a).  
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Fig. 3 Genomic features associated with crossovers (COs) for the ten sex-averaged crosses. (a) 
Overlap analysis of observed COs with different genomic features. (b) Overlap analysis of random 
regions derived from 10,000 simulations with different genomic features, with error bars denoting 
the standard deviation. (c) Percentage of genomic components in the broccoli reference genome. (d) 
Distribution of distance from each CO to the nearest gene. Note: in (a) and (b), the CO interval was 
used for the overlap analysis. If an interval overlapped with multiple genomic features, the interval 
was counted towards each genomic feature. In (d), the middle position of both CO interval and gene 
was used for calculating the distance. 

Recombination frequency strongly correlates with sequence polymorphisms as 
observed in natural populations of many species, with historical recombination events 
positively correlated with SNP densities (Blackwell et al., 2020, Lian et al., 2022b). 
The ten genetic backgrounds in our study showed varying levels of small-scale 
sequence divergence (Table S3), allowing to further explore the relationship between 
CO occurrence and polymorphism. The distribution of parental SNPs along 
chromosomes showed strong local differences among the ten crosses, especially near-
centromeric regions in several chromosomes (Fig. S9). Genome-wide, we observed 
weak but significant positive correlations between SNP density and CO rate in all the 
ten sex-averaged crosses (Spearman’s rank correlation, ρ = 0.15-0.30, P < 1e-4). 
Consistent with Arabidopsis (Blackwell et al., 2020), we found a parabolic 
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relationship between SNP density and CO rate, with high CO rate being associated 
with moderate SNP density (Fig. S10a). Although pericentromeric regions contribute 
remarkably to this relationship, a weak parabolic relationship can still be observed 
when excluding these regions (Fig. S10b). In our data, we did not find significantly 
different recombination patterns when comparing regions with most striking 
differences in SNP densities (Fig. S11 and S12). One reason for this is that regions 
with large differences in SNP densities between crosses were mainly located near 
centromeres where recombination is suppressed. However, even distal regions with 
high and different recombination rates among crosses, such as the regions of 0-2Mb 
and 50-54Mb on C5 of White_Cauliflower and White_Kohlrabi crosses (Fig. S12), 
are not associated with major differences in SNP densities.  

To investigate if SVs locally affect COs, we first focused on two inversions that were 
validated by Bionano optical maps (Cai et al., 2022b); a 4.88Mb Kale specific 
inversion in C3 and a 1.42Mb Cauliflower specific inversion in C7 (Fig. S13). We 
found only one CO inside this region in crosses involving Kale, while 13 COs were 
detected from crosses between parents lacking this inversion (Fig. 4a). Similarly, we 
did not find any CO inside the 1.42Mb Cauliflower specific inversion on C7 when 
crosses involved Cauliflower, whereas ten COs were observed inside this region in 
crosses between parents without this inversion (Fig. 4b). To examine the local 
suppression effect on a broader scale, we compared all the SVs reported previously 
(Cai et al., 2022b) (Table S4) against fine-resolution COs in the corresponding four 
crosses (Broccoli_Cauliflower, Broccoli_Kohlrabi, Kale_Broccoli and 
White_Broccoli). In all cases, occurrence of large deletions (≥500bp) and inversions, 
translocations and transpositions independent of size translate into significantly 
reduced numbers of COs compared to expected by chance based on 5,000 
permutations (Fig. S14-S17). However, short deletions (< 500bp) and insertions 
overlapped significantly more with CO sites than expected by chance. 



Chapter 4 

96 
 

 

Fig. 4 The effects of structural variations (SVs) on crossovers (COs). (a) CO frequency in flanking 
regions of a 4.88-Mb kale specific inversion for the ten sex-averaged crosses. (b) CO frequency in 
flanking regions of a 1.42-Mb cauliflower specific inversion for the ten sex-averaged crosses. The 
inversion and centromere regions are indicated by dark and light orange shadings, respectively. (c) 
The distance of different types of SVs to their nearest CO, using the cross of Kale_Broccoli as an 
example. (d, e) The distributions of CO rates in windows of the indicated sizes in the upstream (d) 
and downstream (e) regions of different types of SVs, using the cross of Kale_Broccoli as an example. 
Note: in (a) and (b), CO frequency was calculated using 500-Kb sliding windows with 50-Kb step 
sizes. Abbreviations: Br: Broccoli, Ca: Cauliflower, Ka: Kale, Ko: Kohlrabi, Wh: White Cabbage. In 
(d) and (e), ‘All’ represents all windows genome-wide. The white dots indicate the average value in 
(c), (d) and (e).  

While COs tend to be suppressed inside SVs, we investigated possible redistribution 
in flanking regions of SVs. SVs are spread all along chromosomes, and neither 
preferentially occur in distal arms nor in centromeric and pericentromeric regions (Fig. 
S18). The SV distributions, however, differ between different genetic backgrounds. 
From the distribution of distance to the nearest CO for each SV, we found that in all 
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four crosses investigated, inversions displayed the largest mean distance till their 
nearest CO in comparison with other types of SVs (Fig. 4c and Fig. S19, Table S4). 
We found the largest average distance to the nearest CO for all SVs in 
Broccoli_Kohlrabi (906.12-1316.71Kb), followed by Kale_Broccoli (690.90-
856.84Kb), Broccoli_Cauliflower (651.76Kb-749.37Kb) and White_Broccoli 
(575.04-668.61Kb) (Table S4), pointing to an effect of genetic background on the 
distance between SVs and their nearest CO. To test whether these distances are greater 
than expected by chance, we simulated random CO sites for the four crosses with each 
10,000 times. The simulated mean distances ranged from 140.35Kb to 201.90Kb, all 
of which were significantly less than the observed distances (Table S4). Based on 
these findings, we conclude that CO suppression does not limit to SVs but also extends 
beyond their borders in B. oleracea. Interestingly, SV size has no effect on the 
distance to the nearest CO as revealed by correlation analyses (Spearman’s rank 
correlation, ρ = -0.01-0.09) (Fig. S20-S23). Regarding CO rates in the flanking 1-, 2- 
and 3-Mb upstream- and downstream regions of SVs, inversions showed lower 
average CO rates than the other SV types in nearly all cases, in agreement with larger 
distances to the nearest CO (Fig. 4d and 4e, Fig. S24). Inversions are not more 
interstitially localised than other types of SVs, but randomly distributed in the genome 
(Fig. S18e). Thus, this lower average CO rates in flanking regions of inversions 
appears independent of the U-shaped CO distribution. The average CO rates in 
flanking regions of SVs were slightly higher than the observed genome-wide averages, 
implicating that loss of COs in SV regions is compensated by elevated COs in their 
flanking regions. Again, we found no correlation between SV size and CO rates in 
flanking regions (Spearman’s rank correlation, ρ = -0.05-0.09), indicating that CO 
rates in the 1Mb regions flanking SVs didn’t depend on their size (Fig. S25-S28). 

CO rate is shaped by cross combination, heterochiasmy and their interaction 

Our reciprocal FwC populations allowed us to examine CO variation between 
different cross combinations and between female versus male meiosis per genetic 
background. We first observed strong variation in CO rate among the ten sex-averaged 
crosses, with the lowest average CO number per gamete in Kale_Cauliflower (5.80) 
and the highest in Broccoli_Kohlrabi (7.02) (Fig. 5a). Based on the CO number 
distribution, the ten sex-averaged crosses were classified into two groups: the “low 
CO rate” group including Kale_Cauliflower, White_Cauliflower, White_Kohlrabi, 
Kale_White and Cauliflower_Kohlrabi and the “high CO rate” group including 
Broccoli_Kohlrabi, Kale_Broccoli, Broccoli_Cauliflower, White_Broccoli and 
Kale_Kohlrabi. Within each group, no significant difference in CO number was 
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observed between cross combinations (Student-Newman-Keuls test with a = 0.05). 
Four from the five crosses in the “high CO rate” group (all, except Kale_Kohlrabi) 
exhibited significantly more COs than four out of five crosses in the “low CO rate” 
group (all, except Cauliflower_Kohlrabi)  (Student-Newman-Keuls test with a = 0.05). 
Very interestingly, we found that generally less COs were produced when Cauliflower 
and/or White Cabbage were present in the cross combination. By contrast, the 
presence of Broccoli in the background always resulted in higher CO numbers, even 
in crosses with Cauliflower or White Cabbage. Hierarchical clustering based on 
chromosome-wide sex-averaged recombination rates also revealed the above 
mentioned two groups, again indicating intraspecific variation of recombination rate 
in B. oleracea (Fig. 5c). Chromosome-wide sex-averaged CO rates also varied among 
chromosomes, with higher recombination rates in C3, C5 and C9 than in C2, C6, C7 
and C8. The intraspecific and chromosome-wide variations of recombination rate 
were also reflected in the sex-specific recombination rates (Fig. 5d and 5e). 

 

Fig. 5 Crossover (CO) number variation and diversity of recombination frequency. (a) Total 
number of COs per gamete shown for each of the ten sex-averaged crosses. Multiple comparisons 
were performed using Student-Newman-Keuls test with a=0.05. (b) The comparison of total number 
of COs per gamete between female and male meiosis for each cross. Asterisks indicate significant 
effects determined by Student’s t-test (P < 0.05). (c, d, e) Heatmap of the chromosome-scale 
recombination rates measured for each chromosome in the ten sex-averaged (c), female (d) and male 
(e) crosses. On the y-axis, ‘Pool’ represents pooled analysis of all nine chromosomes. Note: in (a) 
and (b), each black dot represents a gamete of the given cross and the white dots indicate the average 
value.  
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Interestingly, when comparing CO numbers between male and female meiosis, we 
highlighted marked differences, and so heterochiasmy, according to the cross 
combinations analysed. Indeed, significant variations were observed for five out of 
the ten cross combinations (Broccoli_Cauliflower, Cauliflower_Kohlrabi, 
Kale_Cauliflower, Kale_Kohlrabi and White_Cauliflower), with always more COs 
formed during male than female meiosis (Fig. 5b). Strikingly, variation in CO number 
between female and male gametes was always significant when Cauliflower was 
involved in the cross combination. Together, this suggests that in B. oleracea, 
direction and combination of crosses are inter-dependent for CO variation. At 
chromosome scale, the average number of COs per chromatid was positively 
correlated with chromosome length in both sexes for all crosses (Spearman’s rank 
correlation: 0.67-0.93, P < 0.05) (Fig. S29 and S30), except for male meioses of 
Kale_Broccoli (P = 0.0503) and Kale_White (P = 0.0589). Despite these variations, 
megabase-scale recombination landscapes were remarkably conserved for the ten sex-
averaged and 20 sex-specific crosses, as well as between male and female meioses of 
each cross combination (Fig. 6a, Fig. S31-S33). Variations in CO numbers for genetic 
background and sex of meiosis were essentially located on chromosome extremities 
that always exhibited the highest CO rates. Centromeres remained deprived of COs in 
all cases and pericentromeric regions showed the lowest CO frequencies and 
variations. The female and male recombination landscapes of each cross positively 
correlated with each other, with correlations in the range of 0.72-0.83 (Spearman’s 
rank correlation, P < 1e-4) (Fig. 6b). In both sexes, CO sites were enriched in gene 
bodies and their upstream and downstream 1Kb regions, whereas underrepresented in 
TE regions (Fig. S34a). Distribution of distances between COs and genes was also 
similar between female and male gametes (Fig. S34b). Moreover, the majority of COs 
formed per chromosome pair in both sexes were apart by large distances (50-55Mb), 
independent of the cross combination (Fig. S6b). We also observed rare occurrence 
of multiple COs per chromatid in both sexes of all ten crosses, with a deficit in gametes 
with 0 CO and an excess of gametes with 1 CO when comparing to the expected 
Poisson distributions (Fig. S35). Together with our previous comparisons between 
cross combinations, these results indicate that CO interference intensity remains 
elevated, independently of the genetic background and sex of meiosis in B. oleracea.  
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Fig. 6 Comparison of recombination landscapes between female and male meiosis. (a) Crossover 
(CO) distribution (window size 2-Mb, step size 50-Kb) along the nine chromosomes in female and 
male meiosis of the cross of Broccoli_Kohlrabi. (b) Correlation (Spearman’s rank correlation) 
between female and male CO frequency in 2-Mb windows with 50-Kb step size. Red lines indicate 
best fit and the shading areas represent the 95% C.I.    

Discussion 
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In the present study, we generated ten female and ten male CO maps in B. oleracea. 
To our knowledge, this is the first time that CO maps reached such a fine resolution 
in Brassica species. Besides maize, tomato and potato, we expand the recombination 
knowledge to the economically important B.oleracea crops which exhibit enormous 
phenotypic variations. More importantly, we included very diverse genetic 
backgrounds and reciprocal crosses, enabling the investigation of intraspecific 
variation, sex of meiosis and their interaction on recombination in B. oleracea. To our 
knowledge, this is the most comprehensive study towards revealing intraspecific 
variation and sex differences of recombination rates and distributions. As meiotic 
recombination promotes genetic diversity by shuffling parental chromosomes, the 
present work provides insights towards improving breeding efficiency in B. oleracea 
via parental selection.  

Recombination rate varies remarkably along chromosomes in B. oleracea, however, 
the megabase-scale landscapes are highly conserved between different genetic 
backgrounds. We observed preferential CO distribution towards distal regions in all 
B. oleracea crosses, consistent to those reported in related species, such as B. rapa 
(Pelé et al., 2017) and B. napus (Bayer et al., 2015, Boideau et al., 2022), as well as 
distant species like potato (Marand et al., 2017), tomato (Demirci et al., 2017, 
Rommel Fuentes et al., 2020), maize (Kianian et al., 2018) and barley (Dreissig et al., 
2020). We demonstrated that the megabase-scale B. oleracea U-shaped landscape is 
highly correlated with gene density. More interestingly, we observed several “CO 
bumps” that co-localize with elevated gene density. These observations indicate that 
gene density has a major contribution in shaping the megabase-scale recombination 
landscape in B. oleracea. In A. thaliana, Lian et al. (Lian et al., 2022b) also reported 
that gene density together with chromatin accessibility and DNA methylation could 
explain 85% of the megabase-scale recombination landscape using a machine-
learning algorithm. This is in agreement with the strong positive correlations between 
CO distribution and gene density found in our study. Many epigenetic factors are 
reported to also affect the recombination frequency and distribution, with CO 
occurrence correlating with low levels of DNA methylation, low nucleosome density 
and enrichment in specific histone marks. In this study, these hallmarks of open 
chromatin were not investigated. Generally, euchromatin is present in distal gene-rich 
regions and heterochromatin exists in large pericentromeric regions of the 
chromosome which usually show a high level of DNA methylation and K3K9me2 
histone marks (Choulet et al., 2014, Swagatika and Tomar, 2016, Li et al., 2019b, 
Boideau et al., 2022). The U-shaped CO distribution we found in B. oleracea fits with 
the preferred occurrence of these epigenetic features. Nevertheless, the local influence 
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of epigenetic factors on recombination in B. oleracea needs to be further analysed to 
deepen our knowledge, as realised by Boideau et al. (Boideau et al., 2022), who 
investigated effects of methylation and SVs on the absence of recombination in B. 
napus. Both model-independent CO interference and Kullback-Leibler (KL) 
divergence analysis validate strong CO interference in B. oleracea. However, the 
similar interference strengths indicated by KL divergence suggest weak influence of 
genetic background on CO interference (Table S2).    

Small-scale sequence divergence can be both positively and negatively associated 
with recombination rate. We analysed the level of SNPs from 2-by-2 comparisons 
between all parental genomes used in this study (Table S3). Like in Arabidopsis 
(Blackwell et al., 2020), we also found parabolic relationships between SNP density 
and CO rate in all B. oleracea crosses. This is to some extent in agreement with the 
“juxtaposition effect” in Arabidopsis (Ziolkowski et al., 2015). Meiotic 
recombination is mutagenic, and this may increase polymorphism levels in regions 
with high recombination rate. Aside from this, genetic hitchhiking and background 
selection tend to reduce genetic diversity in low recombination regions by increasing 
the frequency of beneficial mutations and eliminating deleterious mutations 
(Ziolkowski et al., 2015, Lian et al., 2022b). These are likely two reasons explaining 
the positive correlation between small-scale sequence divergence and recombination 
rate, given the hypothesis that polymorphisms are not causal for the shape of the 
megabase-scale recombination landscape but rather the consequence (Lian et al., 
2022b). The negative correlation is also expected because high levels of 
polymorphisms function like large-scale genomic rearrangements, which do have 
local inhibitory effects on COs, as reported in Arabidopsis (Rowan et al., 2019, Lian 
et al., 2022b), tomato (Fuentes et al., 2022), B. napus (Boideau et al., 2022) and this 
study. We systematically investigated the impact of SV size and type on local 
recombination. This leads to our first conclusion that all types of large-scale SVs 
locally suppress recombination. We cannot totally exclude that a counter-selection of 
gametes exhibiting such events occurs as these would alter plants’ viability (Rowan 
et al., 2019). A second conclusion is that SV size does not affect flanking CO rates 
and distance to nearest COs. Rowan et al. (Rowan et al., 2019) came up with several 
possible mechanisms explaining the underlying suppressive effects of SVs on COs, 
including the prevention of synaptonemal complex (SC) establishment, or reduction 
of DSB formation, or reduction of repairment from DSBs into COs. It is worth noting 
that we observed the enrichment of COs in short deletions (< 500 bp) in our study, 
similar to what was observed by Fuentes et al. (Fuentes et al., 2022). This may be due 
to recombination resulting in short deletions instead of short deletions inducing more 



Meiotic crossovers in Brassica oleracea 

103 
 

4 

COs. Alternatively, this may suggest that small deletions do not suppress 
recombination. We found that large deletions (>=500 bp) overlapped significantly less 
with COs than expected by chance, confirming local suppression of large SVs on 
recombination (Fig. S14-S17). For insertions, we would have expected similar 
patterns as for deletions, since analysing insertions or deletions is just a matter of 
setting a reference. However, we can only find significantly more insertions 
overlapping with COs regardless of insertion size. As the sequence of an insertion is 
absent in the reference genome, we feel the overlap between CO interval and insertion 
loci is not accurate/realistic, and is also likely influenced by the CO resolution.   

Among the ten cross combinations, we observed significant differences in CO number. 
Our data do not support that CO number and relatedness of parents are correlated. 
Indeed, we would expect higher numbers of COs when the two parents show higher 
levels of relatedness as a substrate with high homology may facilitate recombinational 
repair. However, this is not a general trend. For example, we observed a similar (not 
significantly different) average CO number in Kale_Broccoli (low level of relatedness) 
and Broccoli_Cauliflower (high level of relatedness). Interestingly, we found that the 
presence of broccoli in the parental combinations always results in higher number of 
COs, even in crosses with cauliflower and white cabbage that were generally 
associated with lower number of COs (Fig. 5a). Differences in CO rate have 
repeatedly been found according to the genetic background in plants. Recently, the 
study of loci affecting CO frequency has been made possible with the development of 
high-throughput technologies for measuring CO frequency from seeds in A. thaliana 
(Melamed‐Bessudo et al., 2005, Ziolkowski et al., 2015). To date, three causal genes 
were identified: HEI10, TAF4b and SNI1 (Ziolkowski et al., 2017, Lawrence et al., 
2019, Zhu et al., 2021). Accordingly, our data support a genetic control for CO rate 
via allelic variants segregating between the B. oleracea parental lines used in this 
study, with possible dominant allele(s) increasing CO rates in broccoli. While CO 
numbers varied, we did not identify major differences between the megabase-scale 
CO landscapes among our ten cross combinations. CO variations were essentially 
located on chromosome extremities as observed between different populations of 
maize (Bauer et al., 2013). Accordingly, polymorphism in HEI10, TAF4b and SNI1 
essentially resulted in CO variation at chromosome extremities (Ziolkowski et al., 
2017, Lawrence et al., 2019, Zhu et al., 2021). To date, the only natural factor 
associated with major changes in the shape of recombination landscapes, corresponds 
to variation in ploidy level. The most striking example arises in Brassica AAC 
allotriploids resulting from the cross between B. napus and its B. rapa progenitor. In 
these plants, an unprecedented boost of CO number was observed between A genomes 
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and associated with formation of COs in pericentromeric regions that are totally 
deprived of any recombination event in B. rapa and B. napus (Pelé et al., 2017, 
Boideau et al., 2021). 

Comparison of female versus male meiosis for each of our ten cross combinations 
revealed interdependency between heterochiasmy and genetic background. Indeed, 
half of the crosses showed significant variations, with higher recombination rates in 
male meiocytes. Our results contrast with a previous study conducted in B. oleracea, 
showing much more COs in female than male meiocytes (Kearsey et al., 1996). 
However, this study was based on 75 molecular markers, affecting the reliability. 
Importantly, our data support observations made in maize for which B73×Mo17 and 

Zheng58 × SK backgrounds result in absence and presence of heterochiasmy, 
respectively (Kianian et al., 2018, Luo et al., 2019). In their study, Luo et al. (Luo et 
al., 2019) suggested that the occurrence of CO maturation inefficiency (CMI), which 
will block some designated COs developing into actual COs, differs between genetic 
backgrounds and between sexes in maize. CMI was indeed detected in maize in both 
male and female meiosis within the B73×Mo17 background and in male meiosis of 

the inbred line KYS, however not in the Zheng58×SK background (Luo et al., 2019). 
This corroborates with our observations as higher CO rates were always observed in 
male versus female meiosis when cauliflower was involved in the cross combination. 
One possible explanation for not detecting heterochiasmy in other combinations tested 
is that CMI is a recessive trait that does not exist in cauliflower. Alternative 
explanations for observed heterochiasmy in all cross combinations with cauliflower 
is a dominant locus in cauliflower promoting increased CO rates exclusively during 
pollen grain formation but not in female meiosis. This locus may influence synapsis 
progression during male meiosis, the length of which is positively related to CO 
number in both sexes as observed in maize (Luo et al., 2019). Despite the 
heterochiasmy, we observed fairly similar CO distribution between male and female 
meiocytes. This observation in B. oleracea is consistent with that in maize (Kianian 
et al., 2018), however is remarkably different with that in A. thaliana (Lian et al., 
2022b).  

In conclusion, we generated high resolution recombination landscapes, improving our 
knowledge of CO formation in B. oleracea, and showed remarkable CO variation 
depending on the direction and combination of the cross, which is highly relevant for 
breeders. 

Experimental procedures 
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Four-way-Cross (FwC) populations construction, DNA isolation and sequencing 

We previously de novo assembled genome sequences for five B. oleracea accessions, 
representing five diverse morphotypes, by integrating Nanopore long reads, optical 
mapping molecules (BioNano Genomics DLS technology) and Illumina short reads 
(Cai et al., 2022b). We generated chromosome-scale genome assemblies, with contig 
N50’s ranging from 11.4 Mb to 16.3 Mb and scaffold N50’s ranging from 30.5 Mb to 
34.1 Mb. The complete BUSCO values were greater than 97% for all the five 
assemblies using BUSCO (embryophyta_odb9 dataset, n=1,440) assessment. In this 
study, we used these five DH lines (broccoli, cauliflower, kale, kohlrabi and white 
cabbage) as founders to construct FwC populations to study the inter-morphotype 
recombination landscape (Fig. S1). These five founders were pairwise crossed to 
generate ten F1s, after which the ten F1s were inter-crossed to generate large FwC 
populations. To observe recombination between each combination of the five 
morphotypes, we constructed five FwC populations with each containing four 
different parents (Fig. 1). We reciprocally crossed the two F1 plants for each FwC 
population, resulting in ten populations that allow us to study female and male COs 
for each of the ten crosses. 

Genomic DNA was isolated from young leaves of the five FwC population plants 
using a cetyltrimethylammonium bromide (CTAB) method (Allen et al., 2006). 
Libraries were constructed with the RipTide DNA library prep kit (iGenomX, 
Carlsbad, CA), which is designed for the preparation of 96 next-generation 
sequencing DNA libraries at a time. We collected a total of 1,248 plants from the five 
FwC populations (Fig. 1). Individual samples were labelled in thirteen 96-well plates, 
after which samples per plate were pooled together and converted into a NGS library 
in one single tube. The 13 pooled libraries were respectively sequenced as 150bp 
paired-end reads using Illumina NovaSeq 6000.  

Read processing, SNP calling and filtering 

Fgbio DemuxFastqs (v1.1.0) was used to demultiplex samples per plate according to 
sample barcodes provided by iGenomX. A total of 47 samples (Table S1) each with 
less than 100 Mb (~0.18X) sequencing data were excluded from downstream analyses. 
All reads from each sample were aligned to the broccoli reference genome (Cai et al., 
2022b) using BWA-MEM (v0.7.15) (Li and Durbin, 2009) with default parameters. 
SAMtools (v1.3.1) (Li et al., 2009) was used to perform sorting of the alignments. 
The function of HaplotypeCaller in Genome Analysis Toolkit (GATK, v4.1.7.0) 
(McKenna et al., 2010) was used to produce GVCF files on a per-sample basis, before 
which duplicated, secondary alignment reads and reads with low mapping quality 
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were filtered out using default settings. We used CombineGVCFs function in GATK 
to combine per-sample GVCF files into a single GVCF file for each of the ten 
reciprocal populations, following which GenotypeGVCFs function was used to 
perform the joint genotyping. SelectVariants function was then used to select biallelic 
SNPs and further SNP filtering was performed using VariantFiltration function with 
parameters “--filter-expression 'QD < 2.0 || FS > 60.0 || MQ < 40.0' --cluster-window-
size 5 --cluster-size 2 --filter-name LowQual”. SNPs among the five parental lines 
were called using the high-depth Illumina sequencing data generated by (Cai et al., 
2022b) with similar strategies as described above for the populations. Only 
homozygous parental SNPs were retained. 

Detection of CO 

Given the FwC strategy in this study, we selected parental SNPs which allow us to 
identify COs that occurred for each combination of the five parents. To identify COs 
between P1 and P2, we selected parental SNPs in which we only allow genotype 
variations between these two parents while not between the other two parents (P3 and 
P4) (Fig. S36). Similarly, to detect COs between P3 and P4, we selected another group 
of SNPs in which we allow genotype variations between P3 and P4 while not between 
P1 and P2. The selected parental SNPs were intersected with SNP matrix of the 
corresponding population. SNP sites with more than 40% missing genotype calls were 
discarded. The parental origin for the allele at each SNP site was inferred based on 
the observed genotypes for the four parents and the FwC progeny. Chi-square test for 
goodness of fit was used to analyse segregation distortions. The expected segregation 
ratio is 1:1. SNP sites with significant segregation distortion at a significance level of 
P = 0.001 were removed from further analysis. Since SNPs in close proximity in 
physical maps are supposed to be highly linked in biparental populations (Marand et 
al., 2017, Marand et al., 2019), SNPs demonstrating low levels of linkage 
disequilibrium (LD) with neighbouring markers are likely false-positive variants. We 
thus estimated local r2 values for each SNP using the nearest 100 SNPs to determine 
associated alleles and removed SNPs with local r2 values < 0.3 (mean r2 values across 
the 100 comparisons). 

PhaseLD (Marand et al., 2017) (https://github.com/plantformatics/phaseLD) was then 
used to reconstruct haplotype phase with parameters “--quick_mode --win 100 --bwin 
200 --bstep 5 --rpen 0.3”. This pipeline implemented a sliding window approach to 
overcome sequencing and genotyping errors that could arise from assembly errors or 
structural variations. We applied 200-SNP sliding windows with 5-SNP steps to 
estimate the posterior probability of both haplotypes using Bayes theorem for each 
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individual in a given window. The haplotype with the highest probability was called 
for the given window. Putative COs were determined from these overlapping adjacent 
haplotype bins. Precise CO breakpoints were then identified using logistic regression 
approach as implemented in “extract_crossovers.pl” 
(https://github.com/plantformatics/phaseLD/tree/master/bin), which assigns CO 
probabilities to each SNP. To reduce false positive CO counts, only the pair of SNPs 
with a CO probability greater than 0.9 were kept as the identified CO intervals. To 
further remove likely false positive COs, CO positions that appeared to be double COs 
< 2Mb apart were removed. We employed all these steps to minimize the risk of false 
CO detection, keeping in mind that true CO numbers should be similar to those 
reported in other Brassica populations (0.70-0.92 CO occurrences on average per 
chromatid) (Pelé et al., 2017, Boideau et al., 2022). 

CO number and landscape analyses 

We calculated three-fold interquartile ranges for the ten reciprocal crosses using total 
CO number (TCN) of each gamete. Gametes with TCN outside the three-fold 
interquartile range (0.5-12.5) were removed, like done in other studies (Dreissig et al., 
2020). Compared to the population mean of 6.57 and outlier-pruned mean of 6.49, 
these outliers (22 out of 2,399 gametes) showed a mean TCN of 15.09 (Table S5). We 
calculated Poisson distributions of CO number per chromatid per gamete using the 

following formula: S(k) = N௘ష೘௠ೖ௞!  where S(k) is the number of gametes harbouring 

exactly k CO, N is the total number of gametes, m is the observed mean number of 
CO per gamete, and e is the Natural logarithm base (Drouaud et al., 2007, Giraut et 
al., 2011). Recombination landscapes of each chromosome of each cross were 
visualized using 2Mb sliding windows with 50Kb steps. We summarized CO 
frequency (cM/Mb) as C/n/(w/10^6)*100, where w is the window size, C is the 
number of recombinant gamete in the given window, and n is the total number of 
gametes for the population (Campoy et al., 2020, Dreissig et al., 2020). 

Inference of putative centromeric and pericentromeric regions  

Centromeric regions were determined using the approach described by (Cheng et al., 
2013) and  (Cai et al., 2020). Briefly, centromere-specific repeat sequences, such as  
CentBr, CRB and TR238 (Koo et al., 2004, Lim et al., 2005, Lim et al., 2007, Koo et 
al., 2011), were aligned to the broccoli reference genome using nucmer with 
parameters “--maxmatch -g 500 -c 16 -l 16” (Marçais et al., 2018). Centromeric 
regions were located based on the distribution of these elements in the reference 
genome (Table S6). Thereafter, the broccoli genome and B. napus cv. Darmor-bzh 
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v10 C-genome (Rousseau-Gueutin et al., 2020) were aligned to identify syntenic 
regions using SyRI (Goel et al., 2019). The closest syntenic regions to each border of 
B. napus cv. Darmor-bzh v10 C-genome pericentromeres, which were defined by 
(Boideau et al., 2022), were extracted from B. napus genome. The corresponding 
regions in broccoli genome were then defined as the borders for the putative 
pericentromeric regions (Table S6).  

Association analyses between genomic features and COs 

To investigate CO interference, we calculated distances between adjacent COs for 
each gamete per chromatid having at least two COs, using the mid-value of the 
positions of the two CO flanking markers. The observed interference distributions 
were compared to no-interference distributions, obtained using a randomly shuffling 
approach proposed by  (Pelé et al., 2017). COs at fine-resolution (less than 10Kb) 
were selected to analyse the overlap (minimum 1-bp) with various genomic features 
(exons, introns, 1Kb upstream and -downstream gene regions, TEs and intergenic 
regions) (Marand et al., 2017). Random genomic regions were permuted 10,000 times 
using BEDtools shuffle (v2.27.1) (Quinlan and Hall, 2010), and were then assessed 
for overlap with each genomic feature. SNP densities between each combination of 
the parents were calculated using 2Mb sliding windows with 50Kb steps. The 
positions of SVs between parental genomes were obtained from Cai et al. (Cai et al., 
2022b). Overlaps between fine-resolution CO intervals and the SV regions were 
studied using regioneR (Gel et al., 2016).  We performed another 10,000 times of 
Monte Carlo simulation using BEDtools shuffle (v2.27.1) to generate random 
genomic sequences matched by number and length to the CO dataset from the broccoli 
reference genome. Thereafter, we searched for the nearest simulated genomic 
sequence from each simulation in the flanking regions of each SV, and calculated the 
distance between each of the two SV borders and the nearest simulated region. We 
took the smaller value as the distance to the nearest simulated region for each SV. We 
then compared this expected distance distribution with the observed distribution that 
was obtained using the real CO dataset. CO rates in 1-, 2- and 3-Mb upstream and 
downstream of the borders for SVs were calculated and were compared to the 
genome-wide level CO rates.  
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Fig. S1 Illustration of the five parental Brassica oleracea genotypes used for Four-way-Cross (FwC) 
population construction and the ten F1s generated by pairwise crosses.  

Fig. S2 Distribution of segregating SNPs, which were used for crossover (CO) detection, along the 
nine chromosomes of Brassica oleracea for each of the ten reciprocal crosses. 

Fig. S3 Haplotype map of the ten reciprocal crosses. Orange and blue segments reflect the two 
parental alleles segregating in the corresponding population.  

Fig. S4 Distribution of total crossover (CO) number per gamete across the 2,377 gametes in the ten 
reciprocal crosses. 

Fig. S5 Distribution of crossover (CO) numbers per chromatid in the ten sex-averaged crosses. (a) 
Observed distributions. (b) Expected Poisson distributions (see Methods).  

Fig. S6 Distribution of inter-crossover (CO) distance for chromatids having at least two COs. (a) 
Comparison of inter-CO distance distribution among the ten sex-averaged crosses. Solid lines 
indicate the observed data. Dashed lines correspond to the corresponding distributions in the shuffled 
data (“non-interference” situation), as was described in Methods. (b) Comparison of inter-CO 
distance distribution between female and male meiosis in each cross. 
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Fig. S7 Sliding window based recombination landscapes (window size 2-Mb, step size 50-Kb) for 
the ten sex-averaged crosses. The centromere regions are indicated by orange shadings. 

Fig. S8 Permutation tests for evaluating overlaps between genes and crossover (CO) intervals for all 
the ten reciprocal crosses. Female and male meioses are indicated in the left and right column, 
respectively. On x-axis, the values are the total number of overlaps. On y-axis, the values are the 
frequency. The vertical red lines indicate the number of overlaps where P = 0.05. The vertical green 
lines indicate the observed number of overlaps. The vertical black lines indicate the mean of 5,000 
permutations. The double arrow highlights the difference between the mean and the observed values. 

Fig. S9 The normalized distribution of crossovers (COs) in the ten sex-averaged crosses and of SNP 
density between each pair of parents along the nine chromosomes of Brassica oleracea. Analysis is 
done with 2-Mb sliding windows and 50-Kb step sizes. CO frequency was normalized to range from 
0 (min) to 1 (max) and SNP density was normalized to range from  -1 (min) to 0 (max). The 
centromere regions are indicated by orange shadings. 

Fig. S10 Correlation (Spearman’s rank correlation) between crossover (CO) frequency and SNP 
density in 2-Mb sliding windows with 50-Kb step sizes for each sex-averaged cross. (a) Correlation 
analysis with pericentromeric regions being included. (b) Correlation analysis with pericentromeric 
regions being excluded. Trend lines were generated using a generalized additive model (GAM) with 
the formula y ~ poly(x,2). Verticle blue lines represent mean SNP density (the number of SNPs per 
2-Mb window). 

Fig. S11 Crossover (CO) distribution comparison between the cross of Broccoli_Cauliflower and 
White_Cauliflower, and the corresponding parental SNP density distribution comparison. Analysis 
is done with 2-Mb sliding windows and 50-Kb step sizes. The centromeric and pericentromeric 
regions are indicated by dark and light orange shadings, respectively. Asterisks indicate intervals 
(non-overlapping 2-Mb windows) with significant CO frequency difference between the two crosses 
(P < 0.05, chi square test). 

Fig. S12 Crossover (CO) distribution comparison between the cross of White_Cauliflower and 
White_Kohlrabi, and the corresponding parental SNP density distribution comparison. Analysis is 
done with 2-Mb sliding windows and 50-Kb step sizes. The centromeric and pericentromeric  regions 
are indicated by dark and light orange shadings, respectively. Asterisks indicate intervals (non-
overlapping 2-Mb windows) with significant CO frequency difference between the two crosses (P < 
0.05, chi square test). 

Fig. S13 Bionano evidence for two large inversions. (a) A 4.88-Mb kale-specific inversion on 
chromosome C3. (b) A 1.42-Mb cauliflower-specific inversion on chromosome C7.  

Fig. S14 Permutation tests for evaluating overlaps between different types of structural variations 
(indicated in the top right corner of each figure) and crossover (CO) intervals for the cross of 
Broccoli_Cauliflower. On x-axis, the values are the total number of overlaps. On y-axis, the values 
are the frequency. The vertical red lines indicate the number of overlaps where P = 0.05. The vertical 
green lines indicate the observed number of overlaps. The vertical black lines indicate the mean of 
5,000 permutations. The double arrow highlights the difference between the mean and the observed 
values. 
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Fig. S15 Permutation tests for evaluating overlaps between different types of structural variations 
(indicated in the top right corner of each figure) and crossover (CO) intervals for the cross of 
Broccoli_Kohlrabi. On x-axis, the values are the total number of overlaps. On y-axis, the values are 
the frequency. The vertical red lines indicate the number of overlaps where P = 0.05. The vertical 
green lines indicate the observed number of overlaps. The vertical black lines indicate the mean of 
5,000 permutations. The double arrow highlights the difference between the mean and the observed 
values. 

Fig. S16 Permutation tests for evaluating overlaps between different types of structural variations 
(indicated in the top right corner of each figure) and crossover (CO) intervals for the cross of 
Kale_Broccoli. On x-axis, the values are the total number of overlaps. On y-axis, the values are the 
frequency. The vertical red lines indicate the number of overlaps where P = 0.05. The vertical green 
lines indicate the observed number of overlaps. The vertical black lines indicate the mean of 5,000 
permutations. The double arrow highlights the difference between the mean and the observed values. 

Fig. S17 Permutation tests for evaluating overlaps between different types of structural variations 
(indicated in the top right corner of each figure) and crossover (CO) intervals for the cross of 
White_Broccoli. On x-axis, the values are the total number of overlaps. On y-axis, the values are the 
frequency. The vertical red lines indicate the number of overlaps where P = 0.05. The vertical green 
lines indicate the observed number of overlaps. The vertical black lines indicate the mean of 5,000 
permutations. The double arrow highlights the difference between the mean and the observed values. 

Fig. S18 Distribution of structural variations (SVs) for four morphotypes relative to the broccoli 
reference genome. (a-d) The number of SVs in 2-Mb windows with 50-kb steps for deletions, 
insertions, translocations and transpositions, respectively. (e) The distribution of inversions along the 
chromosomes. For large inversions (≥10,000bp), the size of each segment corresponds to the size of 
the inversion. However, to show small inversions (<10,000bp) in the figure, we reset their size as 
10,000bp. The centromere regions are indicated by orange shadings. 

Fig. S19 Violin plot of distance to the nearest crossover (CO) for different types of structural 
variations (SVs). The white dots indicate average values. The vertical rectangles indicate the 
interquartile ranges. 

Fig. S20 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Cauliflower genome) and the distance to their nearest crossover (CO) 
(Broccoli_Cauliflower cross). The type of SVs is indicated in the top right corner of each figure. 

Fig. S21 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Kohlrabi genome) and the distance to their nearest crossover (CO) (Broccoli_Kohlrabi 
cross). The type of SVs is indicated in the top right corner of each figure.  

Fig. S22 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Kale genome) and the distance to their nearest crossover (CO) (Kale_Broccoli cross). 
The type of SVs is indicated in the top right corner of each figure.  

Fig. S23 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs White Cabbage genome) and the distance to their nearest crossover (CO) 
(White_Broccoli cross). The type of SVs is indicated in the top right corner of each figure.  
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Fig. S24 The distribution of crossover (CO) rates in windows of the indicated sizes in the upstream 
(a) and downstream (b) regions of different types of structural variations (SVs). ‘All’ represents all 
windows genome-wide. The white dots indicate the average values. 

Fig. S25 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Cauliflower genome) and the crossover (CO) rates (Broccoli_Cauliflower cross) in their 
flanking 1-Mb regions.  

Fig. S26 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Kohlrabi genome) and the crossover (CO) rates (Broccoli_Kohlrabi cross) in their 
flanking 1-Mb regions.  

Fig. S27 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs Kale genome) and the crossover (CO) rates (Kale_Broccoli cross) in their flanking 1-
Mb regions.  

Fig. S28 Correlation (Spearman’s rank correlation) between the size of structural variations (SVs) 
(Broccoli vs White Cabbage genome) and the crossover (CO) rates (White_Broccoli cross) in their 
flanking 1-Mb regions.  

Fig. S29 The mean number of crossovers (COs) per chromatid along the nine chromosomes of 
Brassica oleracea for the sex-averaged, female and male crosses. On x-axis, chromosomes were 
ordered according to their lengths. 

Fig. S30 Correlation (Spearman’s rank correlation) between chromosome length and mean crossover 
(CO) number per chromatid. (a) Correlation analysis for each of the ten sex-averaged, female or male 
crosses. (b) Correlation analysis based on the pool of ten sex-averaged, female or male crosses. 

Fig. S31 Recombination landscapes for the ten female crosses. (a) Crossover (CO) rate distributions 
along the nine chromosomes of Brassica oleracea. Analysis is done with 2-Mb sliding windows and 
50-Kb step sizes. The centromere regions are indicated by orange shadings. (b) Genome-wide 
correlation coefficient (Spearman’s rank correlation) matrices among the ten female CO distributions. 

Fig. S32 Recombination landscapes for the ten male crosses. (a) Crossover (CO) rate distributions 
along the nine chromosomes of Brassica oleracea. Analysis is done with 2-Mb sliding windows and 
50-Kb step sizes. The centromere regions are indicated by orange shadings. (b) Genome-wide 
correlation coefficient (Spearman’s rank correlation) matrices among the ten male CO distributions. 

Fig. S33 Crossover (CO) distribution (window size 2-Mb, step size 50-Kb) along the nine 
chromosomes in female and male meiosis of nine crosses. For the cross of Broccoli_Kohlrabi, see 
Fig. 6. The centromere regions are indicated by orange shadings. 

Fig. S34 Genomic features associated with female and male meiotic crossovers (COs). (a) Overlap 
analysis of female and male COs with different genomic features. (b) Distribution of distance from 
each CO to the nearest gene. Note: in (a), the CO interval was used for the overlap analysis. If an 
interval overlapped with multiple genomic features, the interval was counted towards each genomic 
feature. In (b), the middle position of both CO interval and gene was used for calculating the distance. 
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Fig. S35 The comparison of crossover (CO) number distributions per chromatid between female and 
male meiosis for all ten cross combinations. The obseved and expected CO number distributions were 
also compared. ‘Expected distribution’ denotes Poisson distribution (see Methods). 

Fig. S36 Parental SNPs selection for crossover (CO) identification (see Methods). This example 
shows how parental SNPs were selected to identify COs that occur between P1 and P2. Only genotype 
variations between P1 and P2 are allowed. Parental origin can be inferred based on the genotype of 
parents and FwC progenies.   

Table S1 Illumina sequencing data for each progeny of the five Four-way-Cross (FwC) populations.  

Table S2 Quantitative measurement of interference strength based on the the Kullback-Leibler (KL) 
divergence from the observed to the "no-interference" distribution (see Methods). 

Table S3 Number of SNPs between each pair of the five parental genomes. 

Table S4 Statistics of structural variations (SVs) and the distance to their nearest crossover (CO). 

Table S5 Three-fold interquartile range of total crossover (CO) number per gamete. 

Table S6 Inferred positions of the centromeric and pericentromeric regions for the nine broccoli 
chromosomes. 

Table S7 The list of crossover (CO) positions identified for each of the ten reciprocal crosses.
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Abstract 

Glucosinolates (GSLs) are plant secondary metabolites commonly found in the 
cruciferous vegetables of the Brassicaceae family. GSLs play important roles in 
defense against pathogens and pests and several GSLs have health benefits to humans. 
In this study, the relative abundance levels of 23 GSL compounds were determined in 
both roots, stems and the edible parts of five different Brassica oleracea morphotypes, 
including broccoli, cauliflower, kale, kohlrabi and white cabbage. A total of 183 GSL 
related genes were identified in the five corresponding high-quality B. oleracea 
genome assemblies based on the experimentally characterized GSL genes in 
Arabidopsis. Expression of these GSL related genes were then analyzed using mRNA-
Seq data. We revealed strong variation in terms of relative abundance and composition 
of GSLs among different tissues and different morphotypes. Accordingly, GSL 
related genes were differently expressed between different tissues and different 
morphotypes. We found a total of 289 GSL-gene combinations with significant 
correlation between GSL and gene expression level, which involved all the 23 GSLs 
and 109 genes. Interestingly, we observed a non-functional AOP2 in broccoli, which 
is related to the loss of a conserved 2OG-FeII_Oxy domain, explaining the 
accumulation of health-promoting 4-methylsulfinylbutyl and 5-methylsulfinylpentyl 
GSLs in broccoli. Additionally, we found many transposable element (TE) insertions 
in one paralog of the MAM3 gene in three genomes via detailed gene structure and 
sequence analyses, resulting in long and repeat-rich intronic sequences. The present 
work increases our understanding of GSL variation and its genetic regulation in B. 
oleracea morphotypes and provides insights for breeding with tailored GSL profiles 
in these crops. 
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Introduction 

Glucosinolates (GSLs) are a group of secondary plant metabolites almost exclusively 
found in the order Brassicales (Halkier and Gershenzon, 2006). These GSL 
compounds, derived from glucose and amino acids, are rich in nitrogen and sulfur and 
are water-soluble (Petersen et al., 2018, Bonnema et al., 2019). According to their 
precursor amino acid, GSLs can be classified as aliphatic GSLs (derived from alanine, 
isoleucine, leucine, methionine and valine), aromatic GSLs (derived from 
phenylalanine and tyrosine) or indolic GSLs (derived from tryptophan) (Halkier and 
Gershenzon, 2006, Petersen et al., 2018). Briefly, the biosynthesis of GSLs includes 
three independent stages: side-chain elongation of the precursor amino acid, formation 
of the core structure, and side-chain modification (Sønderby et al., 2010). All GSLs 
share a common core structure, which is linked to an amino acid derived side-chain, 
with thioglucose and sulphate groups (Fahey et al., 2001, Agerbirk and Olsen, 2012). 
GSLs are extremely variable due to the differences in side-chains, chain lengths and 
additional side-chain modifications. To date, more than 130 GSL structures are 
scientifically documented in A. thaliana and other plants (Fahey et al., 2001, Agerbirk 
and Olsen, 2012, Petersen et al., 2018, Harun et al., 2020). In plants, the hydrolysis 
products of GSLs play important roles in defense against pathogens and pests 
(Wittstock et al., 2004, Beekwilder et al., 2008, Van Dam et al., 2009, Bruce, 2014). 
In vegetables, they provide diverse tastes like bitterness and pungency (Bell et al., 
2018). In addition, GSLs have been reported to be implicated in both antinutritional 
and health-promoting effects (Wattenberg, 1977, Tripathi and Mishra, 2007, Petersen 
et al., 2018). For example, increasing evidences point to a cancer prevention and anti-
inflammatory effect of isothiocyanates (ITCs) that are produced from GSLs upon cell 
damage (Higdon et al., 2007, Hayes et al., 2008, Verkerk et al., 2009, Wu et al., 2013). 
However, some GSLs are antinutritional, such as progoitrin which promotes goitre 
disease (Voorrips et al., 2000). 

Brassica oleracea is an economically important vegetable and fodder crop species 
cultivated worldwide. It consists of many morphotypes which exhibit an enormous 
diversity in their appearance. For example, cabbages (var. capitata) form leafy heads, 
with different varieties differing in leaf colour and texture and/or head shape; broccoli 
(var. italica) and cauliflower (var. botrytis) are characterized by their typical curd 
with large arrested inflorescences; kohlrabi’s (var. gongylodes) form enlarged 
tuberous stems; kales (var. acephala) are characterized by their variation in leaf 
shapes, color and structure, including bore and curly kale, and marrow stem kale, etc 
(Kole and Henry, 2010, Bonnema et al., 2011, Dias, 2012, Cai et al., 2022a). Despite 
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this enormous diversity, B. oleracea truly is a single species and morphotypes can be 
easily interbred. Several studies clearly showed that the genomes of the different 
morphotypes contain numerous structural variations and that their gene contents can 
vary extensively (Golicz et al., 2016b, Cai et al., 2022b). Besides diversity in 
appearance and genome sequence, B. oleracea crops also vary remarkably in their 
GSLs content and composition. For example, Yi and colleagues (Yi et al., 2015) 
determined the content of 16 different types of GSLs in edible organs of 12 B. 
oleracea genotypes, including four different morphotypes. Hahn and colleagues 
(Hahn et al., 2016) estimated the content of five GSLs in 25 kale varieties and 11 non-
kale B. oleracea cultivars. Bhandari and colleagues (Bhandari et al., 2020) assessed 
the content of 12 types of GSLs in the head of 146 cabbage genotypes. All these 
studies showed that GSL composition and levels differed markedly among different 
B. oleracea genotypes. 

To date, most of the knowledge with regard to biosynthesis, degradation, transport 
and regulation mechanisms as well as the function of GSLs is based on extensive 
studies performed in A. thaliana, including mutant screens, quantitative trait loci 
(QTL) mapping and genome-wide association studies (GWAS) (Sønderby et al., 
2010, Jensen et al., 2014). Indeed, a total of 113 genes controlling GSL biosynthesis, 
degradation, transport and storage have been experimentally characterized in this 
model species, including 85 enzyme-encoding genes, 23 transcription factors and five 
transporter proteins (Harun et al., 2020). Comparative genomic analyses between 
Arabidopsis and other Brassica crops can provide comprehensive information for the 
GSL biosynthetic pathway in these non-model crops (Wang et al., 2011a, Yi et al., 
2015). Recently, we de novo assembled five high-quality chromosome-scale B. 
oleracea genomes (Cai et al., 2022b), which provide valuable genomic resources for 
identifying GSL related genes in B. oleracea and studying their sequence divergence. 
From the aspect of breeding, an important goal is to generate optimal GSL profiles 
with regard to health and taste in the edible organs of B. oleracea, and retain the plant 
growth protective effects such as the pest insect damage protection and the inhibition 
of weed growth in surrounding areas (Macias et al., 2007, Feng et al., 2012). To do 
so, it is key to better understand the genetic regulation of GSL variation between 
genotypes and tissues in B. oleracea.  

Here, we analyzed the relative abundance of 23 different GSL structures in four 
different plant tissues, including roots, stems and the edible parts of five different B. 
oleracea morphotypes. Based on all the experimentally characterized GSL genes in 
Arabidopsis, we identified their homologs in the corresponding five high-quality B. 
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oleracea genome assemblies. Moreover, mRNA-Seq was generated for the same 
samples that were used for GSL profiling to study gene expression. We revealed 
strong variation in terms of composition and relative abundance of GSLs among 
different tissues and different morphotypes. The identified GSL related genes were 
differently expressed between different tissues and different morphotypes. We found 
significant correlations between the abundance of 23 GSLs and expression level of 
109 related genes. We also present interesting observations in this study, including a 
non-functional AOP2 in broccoli related to the loss of the conserved 2OG-FeII_Oxy 
domain, explaining the specific accumulation of desired 4-methylsulfinylbutyl and 5-
methylsulfinylpentyl GSLs in broccoli, and transposable element (TE) insertion 
activities in one paralog of the MAM3 gene in three out of the five genomes causing 
long and repeat-rich introns, respectively. 

Results 

GSL profile variations among B. oleracea morphotypes and tissues 

Intact GSLs were analyzed in five B. oleracea morphotypes (broccoli, cauliflower, 
kale, kohlrabi and white cabbage), with each morphotype including four different 
tissues from plants grown in three biological replicates (Fig. S1). We identified a total 
of 23 different GSLs using LCMS, consisting of 17 aliphatic, two aromatic and four 
indolic GSLs. Analytical variation was determined for each GSL by analyzing so-
called quality control samples (QCs), which consisted of five independent extractions 
from a large pooled sample prepared by mixing the same small amount of each 
biological sample. These QCs were similarly and jointly prepared with the biological 
samples. One QC was analyzed before and one QC after the entire series, and the 
remaining three QCs were evenly distributed between the 60 real samples. Based on 
the chromatographic GSL peak areas obtained with these five QCs (data not shown), 
the analytical variation of the GSLs in the B. oleracea samples was on average 11.2%, 
ranging from 1.1% for 4-hydroxy-3-indolylmethyl-GSL to 28.9% for 8-
methylsulfinyloctyl-GSL.  

Principal component analysis (PCA) based on GSL data showed close positions 
between the  three biological replicates, indicating very low biological variations 
between the replicates (Fig. S2). We found extensive variation in GSL profiles among 
different morphotypes as well as between different tissues by comparing the relative 
abundances of each compound (Fig. 1). Overall, kohlrabi showed relatively low 
abundance of nearly all detected GSLs, whereas kale and white cabbage exhibited 
high levels of most GSLs. We detected morphotype signature GSLs of which the 
abundance in one morphotype was significantly higher than that in any other 
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morphotype (Student-Newman-Keuls test with a=0.05). Accordingly, kale and white 
cabbage contain nine and eight signature GSLs, respectively (Table S1). In contrast, 
we did not find any kohlrabi signature GSL among these 23 compounds. Three 
compounds (1-methoxy-3-indolylmethyl, 8-methylsulfinyloctyl_II and 4-methoxy-3-
indolylmethyl) were not signature for any morphotype. Two broccoli signature GSLs 
(4-methylsulfinylbutyl and 5-methylsulfinylpentyl) showed relatively high levels in 
all its tissues, while their levels were remarkably lower in any tissue of the other 
morphotypes. This was also the case for two of the white cabbage signature GSL (3-
butenyl and 2-hydroxy-3-butenyl) (Fig. 1 and Fig. S3). In the profiled 23 GSLs, we 
observed that broccoli lacked C3 aliphatic GSLs (Fig. S3a). Similarly, we found either 
remarkably low abundance or no accumulation of C3 aliphatic GSLs in kohlrabi 
tissues (Fig. S3a). Cauliflower did not accumulate C4 and C5 aliphatic GSLs in any 
tissue (Fig. S3b and S3c). Generally, most detected GSLs tend to be accumulated at a 
higher level in roots than in other tissues (Fig. 1 and Fig. S3). For example, the 
aromatic 2-phenylethyl GSL was detected at relatively high levels only in roots of the 
three morphotypes broccoli, cauliflower and kale.  

 

Fig. 1 Variations in glucosinolate (GSL) levels. For each tissue, the average relative intensity value 
of the three biological replicate samples was considered as the GSL concentration (note: each sample 
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consists of 200 mg FW extracted with 600 µl solvent). Per GSL the relative intensity values were 
normalized across samples using Z-score standardization.  

GSL related gene identification in B. oleracea genomes and their overall 
expression 

In Arabidopsis, a total of 113 GSL related genes have been identified, including 85 
GSL biosynthesis genes, 23 transcriptional components and five transporters (Harun 
et al., 2020). Using these genes as queries, we identified a total of 183 non-redundant 
orthologous genes in the five high-quality B. oleracea genome assemblies (Cai et al., 
2022b), including 167, 165, 170, 166 and 170 genes in broccoli, cauliflower, kale, 
kohlrabi and white cabbage, respectively, which are distributed all along the nine B. 
oleracea chromosomes (Table S2, Table S3 and Fig. S4). The vast majority (153 
genes) of these genes showed one-to-one syntenic relationship among the five 
genomes (Table S2). However, we also found a total of 30 presence and absence genes 
among the five genomes. Across the 113 GSL related genes in Arabidopsis, we 
observed that 50 of them had multiple orthologous gene copies (≥2) in at least one 
of the five B. oleracea genomes, with the copy number differing among the five 
morphotypes for several genes. As an example, one and four homologous copies of 
MYB51 were found in broccoli and kale, respectively. Also, 42 out of the 113 
Arabidopsis GSL genes had maximum one copy in each of the five B. oleracea 
genomes. However, for some genes, such as NSPs, FMOGS-OXs, and NITs, less 
paralogous copy numbers were found in B. oleracea than in Arabidopsis. Additionally, 
two Arabidopsis genes (CCA1 and MYB115) had no orthologues in any of the five B. 
oleracea genomes. The expanded number of GSL related genes in B. oleracea is 
partly attributed to the whole genome triplication (WGT) event (Liu et al., 2014a, 
Parkin et al., 2014a). However, due to the extensive gene fractionation that occurred 
following the WGT (Liu et al., 2014a, Parkin et al., 2014a), less than three copies and 
even no orthologues in B. oleracea were also found for some GSL homologs (Table 
S2).  

Paired-end mRNA-seq was performed for the same samples that were used for GSL 
profiling. We generated a total of 3.08×109 clean reads (~460.53 Gb) from the 60 

samples (20 tissues × 3 biological repeats), averaging 5.13×107 clean reads (7.68 Gb) 
per sample (Table S4). On average, 91.33% of these clean reads were concordantly 
and uniquely mapped to the five corresponding reference genomes. Quality control 
by PCA and hierarchical clustering analysis showed that the three biological replicates 
closely clustered together, indicating good repeatability of gene expression data 
between biological replicates (Fig. S5). Different tissues of each morphotype were 
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clearly separated by PC1, PC2 or PC3. Accordingly, the hierarchical clustering 
analysis divided the samples of each morphotype into four groups, representing four 
different tissues (Fig. S5). Generally, the roots are the most derived tissues that are 
separated from the remaining tissues. We estimated gene expression levels by 
transcripts per million (TPM) based on the alignments of mRNA-Seq reads. 

We then investigated the overall expression pattern of the 153 one-to-one syntenic 
GSL genes among different B. oleracea morphotypes and tissues by constructing 
heatmaps combined with a hierarchical clustering analysis based on gene expression 
profiles (log2 transformed and z-scored TPM values separately). Three clusters were 
revealed based on the log2 transformed TPM values, with genes in cluster I displaying 
the highest, while in cluster III the lowest expression level across the 20 tissues (Fig. 
2a and Table S8). We did not observe a consistent clustering of genes involved in the 
same process. Cluster I consists of seven genes (BoCYP83A1, BoESP.2, BoGSTF9.1, 
BoGSTF9.2, BoGSTU20, BoGSTU13.1 and BoGSTU13.2) involved in core structure 
synthesis, three genes (BoGSH1.1, BoASA1.1 and BoASA1.2) involved in co-substrate 
pathways, two genes (BoIIL1.1 and BoIIL1.3) involved in side-chain elongation and 
one gene (BoESP.2) involved in GSL degradation. Both cluster II and cluster III 
include a large number of genes involved in diverse phases/pathways, which showed 
extensive gene expression variation among different morphotypes and different 
tissues. For example, two genes (BoESM1 and BoPYK10.1) involved in GSL 
degradation in cluster III were extremely highly expressed in roots in all the five 
morphotypes but remarkably lowly expressed in all other tissues. Only six genes 
(BoCYP79C1, BoCYP79C2.1, BoMAM3.1, BoMYB118, BoNIT1;2;3 and BoSD1.3) 
were not expressed in any tissue. The remaining 147 genes were all differentially 
expressed either between tissues or between morphotypes. This is well demonstrated 
by the heatmap constructed using z-scored TPM values (Fig. 2b). It is also clearly 
shown that many GSL genes were expressed at a higher level in root than in other 
tissues for broccoli, kohlrabi and white cabbage. Interestingly, those are generally not 
the same sets of genes and differ between the three mentioned morphotypes. In 
cauliflower, many genes were highly expressed in both roots and florets. For kale, and 
unlike the other four morphotypes, only a few genes were highly expressed in roots 
as compared to the other tissues.  
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Fig. 2 Expression profiles for GSL related genes in four tissues of five B. oleracea morphotypes. 
Heatmaps were constructed using (a) log2 transformed and (b) z-scored TPM values. Blue and red 
colors are used to represent low to high expression levels, respectively. Genes are classified based on 
their involvement in different processes/phases (The abbreviations: COP: Cosubstrate Pathways, 
CSS: Core Structure Synthesis, GSD: GSL Degradation, SCE: Side-Chain Elongation, SCM: Side-
Chain Modification, TSC: Transcriptional Components, TSP: Transporters). 

Correlation between gene expression and GSL levels 

To examine the correlation between the accumulation of GSLs and the expression of 
GSL related genes in B. oleracea, we performed a Pearson correlation analysis across 
all the 20 tissues. Out of the total 3,381 combinations (147 expressed genes × 23 
accumulating GSLs), 289 (8.55%) of them showed a significant positive (251 
combinations, r = 0.44~0.95, P < 0.05) or negative (38 combinations, r = -0.61~-0.45, 
P < 0.05) correlation, which involve all the 23 GSLs and 109 genes (Fig. 3a and 3b). 
We found that two white cabbage signature GSLs, 5-methylthiopentyl and 4-
methylthiobutyl, were significantly correlated with the highest (28 genes) and second 
highest (26 genes) number of genes, respectively. The kale signature GSL 2-
phenylethyl was significantly correlated with 23 genes (Table S5 and S6). Forty-five 
out of the 109 genes were significantly correlated with a single GSL (Table S6). We 
also identified some genes that were strongly correlated with diverse GSLs (Fig. 3b, 
Table S5 and S6). For example, BoAPR2, a homolog of AtAPR2 that is assumed to be 
involved in GSL cosubstrate pathways, was strongly correlated with eight aliphatic, 
one aromatic and one indolic GSLs. MYB122 is identified as a transcription factor that 
is needed for indolic GSL biosynthesis in Arabidopsis (Frerigmann and Gigolashvili, 
2014). Interestingly, in our morphotypes/tissues samples we discovered significant 
positive correlations between BoMYB122 and eight aliphatic GSLs, rather than indolic 
GSLs. We also performed above correlation analysis after pooling the TPM values for 
paralogous GSL genes in B. oleracea (Fig. S6), from which a total of 167 gene-GSL 
combinations showed significant correlation involving all the 23 GSLs and 62 pools 
of paralogous genes. Together, these genes that show significant correlation with 
GSLs may play an important role in regulating GSL biochemical pathways.    
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Fig. 3 Pearson’s correlation analysis between GSLs and their related genes. (a) Distribution of 
Pearson’s correlation coefficient. (b) Significantly (P < 0.05) correlated GSLs and genes. Genes are 
classified based on their involvement in different processes/phases as shown in Fig. 2. See Table S5 
for the source data. (The abbreviations: COP: Cosubstrate Pathways, CSS: Core Structure Synthesis, 
GSD: GSL Degradation, SCE: Side-Chain Elongation, SCM: Side-Chain Modification, TSC: 
Transcriptional Components, TSP: Transporters).  

We then focused on specific genes putatively involved in side-chain modification 
processes in aliphatic GSL biosynthesis to investigate the correlation between gene 
expression and GSL levels (Fig. 4a), namely FMOGS-OX, AOP and GSL-OH locus and 
the methionine derived C3, C4 and C5 aliphatic GSLs. We identified two paralogs of 
FMOGS-OX, four paralogs of AOP and four paralogs of GSL-OH in the B. oleracea 
genome (Fig. 4b and Fig. S7) and detected four C3, four C4 and two C5 methionine 
derived aliphatic GSLs (Fig. S3). In the C3-GSL biosynthesis pathway, the enzyme 
encoded by the FMOGS-OX gene converts 3-methylthiopropyl into 3-
methylsulfinylpropyl (Fig. 4a). We observed the highest abundance of 3-
methylthiopropyl and the lowest abundance of 3-methylsulfinylpropyl in roots of 
cauliflower, kale and white cabbage (Fig. S7a); in the same samples the gene 
expression levels of the FMOGS-OX  paralogs were relatively low (though one paralog 
was not identified in kale) (Fig. S8), which pattern may thus explain the corresponding 
relative high and low levels of 3-methylthiopropyl and 3-methylsulfinylpropyl, 
respectively. This result suggests a direct relation between expression levels of 
FMOGS-OX paralogs and the relative abundance of 3-methylthiopropyl and 3-
methylsulfinylpropyl. In the next step of this pathway, AOP2 and AOP3 convert 3-
methylsulfinylpropyl into 2-propenyl and 3-hydroxypropyl, respectively. The relative 
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levels of both GSLs are highest in roots of cauliflower, kale and white cabbage (Fig. 
S7a). However, we did not observe any AOP paralogue displaying a higher expression 
level in roots than in other tissues of these three morphotypes (Fig. S9). On the 
contrary, their expression was almost absent or relatively low in all cauliflower and 
kale tissues, and relatively high for two out of three paralogues in the non-root tissues 
of white cabbage. With regard to C4-GSLs, we observed a high accumulation of 4-
methylsulfinylbutyl while 3-butenyl was undetectable in all broccoli tissues (Fig. 4b). 
However, AOP paralogues were expressed in several broccoli tissues including roots 
(Fig. S9). 3-butenyl was also low in cauliflower, kohlrabi and kale, while it highly 
accumulated in all white cabbage tissues tested. This was related to a high expression 
of AOP’s in white cabbage, compared to lower levels in all other morphotypes. In the 
next step of this pathway, GSL-OH converts 3-butenyl into 2-hydroxy-3-butenyl (Fig. 
4). Both these two compounds highly accumulated in white cabbage in all tissues, and 
were not detectable in the other four morphotypes (Fig. 4b). Interestingly, one paralog 
of BoGSL-OH (BoGSL-OH.1) had a high expression level in all the five morphotypes 
(Fig. S10). Besides the C4-GLS 4-methylsulfinylbutyl, broccoli also accumulated a 
relative high level of the C5-GSL 5-methylsulfinylpentyl in all its tissues, while this 
compound was hardly detectable in any tissue of the four other morphotypes (Fig. 
S7b); its conversion product 4-pentenyl GSL was not detectable in any of the five 
morphotypes. Together, these observations suggest that expression levels of AOP and 
GSL-OH genes cannot explain the relevant GSL variation. 
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Fig. 4 Aliphatic GSL biosynthesis pathway. (a) A genetic model of the biosynthesis of aliphatic 
GSLs with different chain length. Figure was adapted from G. Padilla et al. (Padilla et al., 2007). (b) 
C4 aliphatic GSL profiles and expression levels of related genes in different tissues and morphotypes. 
The bar charts show relative abundance of individual C4 GSLs in respective tissues and morphotypes. 
Error bars indicate standard deviation (n = 3 biological replicates). Heatmaps show gene expression 
levels. Blue and red colors are used to represent low to high expression levels, respectively. Gray 
color denotes that the gene is not identified in the corresponding morphotype. Note: BoAOP2;3.3 is 
BoAOP2.  

  

(a) 

(b) 
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Non-functional AOP2 in broccoli 

AOP2 catalyzes the conversion of 3-methylsulfinylpropyl, 4-methylsulfinylbutyl and 
5-methylsulfinylpentyl GSLs to the corresponding alkenyl GSLs of 2-propenyl, 3-
butenyl and 4-pentenyl, respectively (Kliebenstein et al., 2001b, Zhang et al., 2015b) 
(Fig. 4a). It has been reported that broccoli harbors a non-functional AOP2 allele, 
which results in accumulation of 4-methylsulfinylbutyl (Li and Quiros, 2003). Also 
in our study, both 4-methylsulfinylbutyl and 5-methylsulfinylpentyl levels were 
relatively high in broccoli (Fig. 4b and Fig. S7b), while their conversion products, 3-
butenyl and 4-pentenyl GSL, respectively, were not detectable in broccoli (Fig. 4b 
and Fig. S7b). Based on sequence homology with Arabidopsis AOPs, we found three 
copies of AOP that are present in each of the five B. oleracea genomes; as AOP2 and 
AOP3 are highly homologous, it is difficult to define the function of the three AOP 
paralogues. Since white cabbage accumulated large amounts of 3-butenyl GSL in all 
its tissues (Fig. 4b), and BoAOP2;3.2 and BoAOP2;3.3 are the only two AOPs that 
were expressed in white cabbage (Fig. S9), it is suggested that BoAOP2;3.2 or 
BoAOP2;3.3 represents BoAOP2. While BoAOP2;3.2 and BoAOP2;3.3 are clearly 
expressed in both broccoli and white cabbage (Fig. S9), this does not lead to the 
expected accumulation of the enzyme product 3-butenyl GSL in broccoli, suggesting 
that BoAOP2 is not functional in broccoli while it is so in white cabbage. 

To better understand the underlying genetic factor that may cause the non-functional 
AOP2 specifically in broccoli, we compared the gene structure, motifs and domains 
of 15 BoAOPs, i.e. the three AOP paralogs that were present in each of the five 
morphotypes. The gene lengths of both BoAOP2;3.1 (2,330-2,553 bp) and 
BoAOP2;3.3 (1,883-1,898 bp) homologs were similar among the five B. oleracea 
morphotypes, but more variable for the BoAOP2;3.2 (660-4,479 bp) homologs (Fig. 
5a). The gene structure varied among the 15 BoAOPs, with most genes having 3-4 
exons (Fig. 5a). Accordingly, the motif compositions also varied among the 15 
BoAOPs. All their encoded proteins contain three conserved motifs (motif 1, 2 and 6), 
while other motifs varied between the 15 genes. We identified a total of five conserved 
domains across the 15 encoded proteins and each BoAOP contained up to three 
domains (Fig. 5a). Interestingly, the conserved 2OG-FeII_Oxy domain at the C-
terminal was present in all BoAOPs except for two, i.e. broccoli BoAOP2;3.3 
(BolC9g002510.Br) and cauliflower BoAOP2;3.2 (BolC3g035820.Ca). This protein 
domain is known to be essential for 2-oxoglutarate/Fe(II)-dependent dioxygenase 
activity, which is associated with an important class of enzymes that mediate a variety 
of oxidative reactions (Prescott and Lloyd, 2000, Zhang et al., 2015b). The absence 
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of 2OG-FeII_Oxy domain in BoAOP2;3.3 specifically in broccoli further suggests 
that BoAOP2;3.3 represents BoAOP2. The gene structure comparison and multiple 
alignments of the amino acid sequences of the five BoAOP2’s clearly showed a novel 
intron in broccoli between exon 2 and exon 3 (Fig. 5a and Fig. 5b), which possibly 
results in the absence of the 2OG-FeII_Oxy domain of its encoded enzyme. The amino 
acid sequence in this region is identical in the other four morphotypes, suggesting that 
BoAOP2 is functional in these four morphotypes. While the relative level of 3-butenyl 
GSL is high in white cabbage, it is very low in any tissue of cauliflower, kale and 
kohlrabi; this can be due to either the low expression of BoAOP2 or a lack of its 
precursor 4-methylsulfinylbutyl GSL. 

 

(a) 

(b) 
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Fig. 5 AOPs in five B. oleracea genomes. (a) Diagram of motif, domain and gene structure of AOP 
genes in B. oleracea. Different colored squares and boxes represent different motifs and domains, 
respectively. (b) Multiple alignments of the BoAOP2 (BoAOP2;3.3) amino acid sequences. 

Transposable element insertions result in long and repeat-rich intronic 
sequences in BoMAM3.2 

In A. thaliana, the MAM genes encode enzymes involved in chain elongation and 
produce GSLs with diverse chain-lengths during the biosynthesis of methionine 
derived GSLs (Kliebenstein et al., 2001a). MAM1 catalyzes the condensation reaction 
of the first two elongation cycles, while MAM3 is considered to contribute to the 
generation of all GSL chain lengths (Textor et al., 2007, Benderoth et al., 2009, Liu 
et al., 2014a). We identified two paralogs of MAM1 and two paralogs of MAM3 in 
each of the five B. oleracea morphotypes. Structures and motifs of MAM genes in 
these genomes were then analyzed. Most MAM genes shared conserved gene 
structures (Fig. 6a). From these 20 MAMs, three (white cabbage MAM1.1 and 
MAM1.2, and kale MAM3.1) lost five to six conserved motifs and were thus heavily 
differentiated from the other homologs. We only identified two conserved domains 
across the 20 BoMAMs using MEME tool (Bailey et al., 2009). Interestingly, nine out 
of ten MAM1 proteins contain TIM superfamily domain and nine out of ten MAM3 
proteins contain PLN03228 domain, with each MAM1 and MAM3 having one protein 
displaying the opposite pattern (a cabbage MAM1.1 and a kale MAM3.1) (Fig. 6a). 
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Fig. 6 MAMs in five B. oleracea genomes. (a) Diagram of motif, domain and gene structure of MAM 
genes in B. oleracea. Different colored squares and boxes represent different motifs and domains, 
respectively. (b) Multiple alignments of the BoMAM3.2 amino acid sequences. 

The five proteins of BoMAM3.2 have identical motif compositions, with each 
containing all ten motifs. Accordingly, multiple alignments of the amino acid 
sequences of five BoMAM3.2 homologs displayed remarkably high sequence 
similarity (Fig. 6b). However, these genes strikingly varied in length, ranging from 
2,795 to 31,732 bp. By comparing structure of the five BoMAM3.2 homologs, we 
found three extremely long introns (27,317-29,020 bp) in broccoli, cauliflower and 
kohlrabi. The predicted structures of these five BoMAM3.2 genes are well supported 
by mRNA-seq evidences (Fig. S12). Interestingly, we observed that a few mRNA-
Seq reads could still be mapped to the three large intronic regions (Fig. S12). A closer 
inspection of the three introns indicates that they were composed of many transposable 

(a) 

(b) 
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elements (TEs), especially DNA transposons (Table S7). For example, we found a 
2.8Kb DTC in broccoli and cauliflower, and a 3.6Kb DTC in cauliflower and kohlrabi. 
Instead of introducing new introns, these TEs were inserted in different existing 
introns in the three BoMAM3.2 genes. Gene expression profiles showed that 
BoMAM3.2 was highly expressed in all five genomes in varying degrees, while the 
expression of its paralog BoMAM3.1 was hardly detectable in any morphotype (Fig. 
S11). Also, most BoMAM1 (BoMAM1.1 and BoMAM1.2) genes were hardly 
expressed, except for low expression levels in broccoli and kohlrabi roots and in all 
white cabbage tissues. While broccoli plants did not accumulate any C3 aliphatic GSL, 
they accumulated 4-methylsulfinylbutyl and 5-methylsulfinylpentyl GSLs (Fig. 4b 
and Fig. S7), which points to a functional BoMAM3.2 (as BoMAM3.1, BoMAM1.1 and 
BoMAM1.2’s are not or very low expressed) gene converting all C3 GSLs to longer-
chain GSLs. We also observed several long-chain aliphatic GSLs accumulating in the 
other morphotypes, such as 8-methylsulfinyloctyl GSL in both cauliflower and kale 
and possibly the less well described hexyl_III GSL in kale (Fig. S3), suggesting that 
BoMAM3.2 is also active in the other morphotypes. These TE insertion activities in 
BoMAM3.2 may modify the expression level of the encoded gene.     

Discussion 

In the present study, we generated comprehensive GSL profiles (23 compounds) of 
four selected tissues in five different B. oleracea morphotypes, revealing extensive 
variation in GSL composition and their relative levels between both tissues and 
morphotypes. Taking advantage of the high-quality genome assemblies of these five 
morphotypes (Cai et al., 2022b), we generated a comprehensive list of GSL related 
genes in each of the five genomes based on comparative genomics with A. thaliana. 
Expression of these genes was then studied using mRNA-Seq data generated from the 
same tissues that were used for GSL profiling. We found a total of 289 GSL-gene 
combinations with significant correlation between GSL abundance and gene 
expression level, which involve all the 23 GSLs and 109 genes. These genes may play 
an important role in regulating GSL biochemical pathways. Our results also confirm 
the proposed non-functional AOP2 in broccoli and suggest active AOP2 homologs in 
other morphotypes, shedding light on effects of allelic composition on metabolite 
production. Moreover, we revealed extremely long intronic sequences in one paralog 
of MAM3 in three B. oleracea genomes, which are caused by many TE insertion 
activities. Our work provides a molecular basis for understanding and further 
elucidating the genetic control of GSL profiles and for breeding with tailored GSL 
content in B. oleracea. 



Glucosinolates in Brassica oleracea 

133 
 

5 

Our results indicate a large variation in both the abundance and the composition of 
GSLs between plant tissues and morphotypes of B. oleracea. Many GSL forms were 
found to accumulate at a higher level in roots than in other tissues (Fig. 1 and Fig. S3), 
such as 3-hydroxypropyl, 3-methylthiopropyl, hexyls and 2-phenylethyl GSLs. Also, 
the composition of GSLs differs between morphotypes. For example, broccoli and 
cauliflower lack C3 and C5 aliphatic GSLs, respectively. Signature GSLs were 
identified for four of the five morphotypes (Table S1), suggesting significant GSL 
relative abundance differences between the studied morphotypes. Glucoraphanin (4-
methylsulfinylbutyl GSL) and glucoiberin (3-methylsulfinylpropyl GSL) are the two 
most desirable GSLs, in view of the nutritional value of their breakdown products 
(Wang et al., 2012, Yi et al., 2015). Among the five B. oleracea morphotypes, only 
broccoli accumulated relative high levels of glucoraphanin in all its tissues (Fig. S3b), 
while glucoiberin was relative high in leaves and stems of both cauliflower, kale and 
white cabbage, but undetectable in broccoli (Fig. S3a). In contrast to these two wanted 
GSLs, progoitrin (2-hydroxy-3-butenyl GSL) is unwanted since it can be hydrolyzed 
into oxazolidine-2-thione, which causes goiter and other harmful effects in mammals 
(Voorrips et al., 2000, Tripathi and Mishra, 2007). Interestingly, progoitrin was 
relatively high in all tissues of white cabbage, while it was not detectable in any of the 
sampled tissues of the other four morphotypes (Fig. S3b). Previously, Yi et al. (Yi et 
al., 2015) showed that progoitrin was absent in florets in one of the three cauliflower 
genotypes investigated. Wang et al. (Wang et al., 2012) found comparatively higher 
progoitrin in commercial broccoli genotypes than in inbred lines. These suggest that 
GSL content also varies between genotypes of the same morphotype in B. oleracea. 
To breed varieties with tailored GSL content, the information with regard to which 
genotype and organ these desired and unwanted compounds are accumulated is vital 
for parental selection. 

Several reasons could possibly explain why the vast majority (91.45%) of GSL-gene 
combinations (3,092 out of 3,381 combinations) do not show correlation between 
GSL relative abundance and gene expression level (Fig. 3). First, the GLS 
biosynthesis pathway is very complex, with many compounds being produced that 
can either accumulate or convert into derived compounds (like the side-chain 
modification steps), or even convert into a breakdown product (like the ITCs, nitriles 
and indoles). The relative abundance of an intermediate GSL does not necessarily 
show a correlation with the expression level of its regulating genes. As an example, 
our data suggest a relation between the relative abundances of intermediate GSLs 3-
methylthiopropyl and 3-methylsulfinylpropyl and expression level of FMOGS-OX 

paralogs. However, we did not detect the correlation. A direct correlation between 
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activity of a structural enzyme (presuming this activity is fully regulated by its gene 
expression level) and its product can however only be expected if the next step in a 
pathway is absent or highly limiting. Second, GSL transporters have been identified 
and experimentally verified (Nour-Eldin et al., 2012, Jensen et al., 2014), which 
establishes dynamic GSL patterns between source and sink tissues in Arabidopsis. In 
our study, we observed that AOP2 was not expressed in roots of cauliflower and kale 
whereas the derived products 2-propenyl and 3-butenyl accumulated in roots of these 
two morphotypes, suggesting that these GSLs are likely transported from source 
tissues (i.e. leaves) to roots. Interestingly, significant correlations were identified 
between these compounds and several GSL transporters (i.e. BoGTR1.1 and 
BoSULTR1;1), suggesting active transport. Expression of several transport genes (i.e. 
GTRs and SULTRs) was indeed high in roots (Fig. 2b). The function of transporters is 
to import GSL from the apoplastic apace to the symplast (Nour-Eldin et al., 2012, 
Jensen et al., 2014). They should be present in both sink and source tissues. The long 
distance transport is via the vascular system. Thus, GSL compounds accumulated in 
a specific tissue do not necessarily mean that they are originally produced in this tissue, 
and so are not directly correlated to the expression level of a responsible biosynthetic 
gene in that specific tissue. Third, the biosynthesis and regulation of GSLs are well 
studied in the model plant A. thaliana while most studies in Brassica crops are based 
on this reference pathway (Harun et al., 2020). The function of these presumed genes 
in Brassica has to be further verified. Due to the whole genome triplication event in 
Brassica, many genes are present in multiple copies, which may display different 
expression patterns. Due to sequence divergence along evolution, it is also difficult to 
know which copy is functional. In addition, non-functional genes can still be 
quantified as expressed by mRNA-Seq data, such as the non-functional AOP2 in 
broccoli. Lastly, Yu et al. (Yu et al., 2020) suggested that much of the regulation of 
metabolite levels in tea may not occur only at the transcriptional level but at multiple 
levels, such as transcriptional, post-transcriptional, translational, post-translational 
and epigenetic levels, which also seems possible for GSLs in Brassica crops. Despite 
all these challenges, we still detected 289 GSL-gene combinations with significant 
correlation between GSL relative abundance and gene expression level. Interestingly, 
several GSLs were correlated with the expression of many genes that were involved 
in different processes (like core structure synthesis pathway, side-chain elongation 
and modification, but also co-substrate and transport and regulatory pathways). In 
order to better understand GSL biosynthesis and identify genetic loci controlling GSL 
production in Brassica crops, more extensive and in-depth studies, such as genome-
wide association analysis of genomic SNPs, transcriptomic and GSL data from a large 
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number of samples, the construction of gene regulatory networks, and mGWAS, will 
be needed.   

In our study, we investigated the sequence divergence of two important GSL genes 
(AOP2 and MAM3) among the five different B. oleracea morphotypes. AOP2 is not 
functional in broccoli, which results in the accumulation of two main health-
promoting compounds in this morphotype: 4-methylsulfinylbutyl (Glucoraphanin) 
and 5-methylsulfinylpentyl (Glucoalyssin). However, the functional AOP2 in white 
cabbage converts 4-methylsulfinylbutyl into highly accumulated 3-butenyl. The 
functional divergence of AOP2 between these morphotypes is likely attributed to their 
sequence divergence, with AOP2 in broccoli lacking a conserved 2OG-FeII_Oxy 
domain. We found many TE insertion activities in one paralog of MAM3 (BoMAM3.2) 
in three morphotypes, which resulted in the extremely long (~29Kb) and repeat-rich 
intronic sequences. As these insertions happen in existing introns and we identified 
long-chain aliphatic GSLs for which MAM3 is responsible, the gene function is 
unlikely to have been altered. Cai et al. (Cai et al., 2022c) reported that TE insertions 
within introns tend to largely modify gene expression levels. We observed that this 
gene is differentially expressed among tissues and among morphotypes (Fig. S11) and 
the TE insertion activities may have contributed to the expression difference between 
morphotypes. In addition, extremely long introns seem to be prevalent in plant 
genomes. For example, they have been found in Arabidopsis, with lengths larger than 
5Kb or even 10Kb (Chang et al., 2017). Accordingly, Liu et al. (Liu et al., 2021a) 
reported that ginkgo possesses very long introns characterized by many repeat-
element insertions, with the 10% of its longest intron even greater than 100Kb. It is 
also reported that large introns are involved in regulating gene expression levels (Kim 
et al., 2006, Rigal et al., 2012), probably through intron DNA methylation. 

In conclusion, we profiled GSLs and mRNA-Seq in both roots, leaves and the edible 
parts of five different B. oleracea morphotypes, revealing strong variations of GSL 
relative abundance and composition as well as GSL related gene expression. We 
found a total 289 GSL-gene combinations with significant correlation between GSL 
and gene expression level, which involve all the 23 GSLs and 109 related genes. We 
observed a non-functional AOP2 in broccoli, which is related to the loss of a 
conserved 2OG-FeII_Oxy domain, and found many TE insertions in one paralog of 
MAM3 gene in three genomes, resulting in long and repeat-rich intronic sequences. 

Materials and Methods 

Plant materials and sample collection 
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For the current study, we used five homozygous lines (broccoli, cauliflower, kale, 
kohlrabi and white cabbage) for metabolite extraction and mRNA sequencing, the 
genomes of which were previously de novo assembled (Cai et al., 2022b). The seeds 
were sown in April 2020 in a single greenhouse compartment at Unifarm 
(Wageningen University and Research) and samples were harvested between July to 
September 2020 depending on the maturity of plants. A completely randomized block 
design with three blocks was used for plant growth. Over each block, three plants of 
each accession were randomly distributed. As shown in Fig. S1, we collected four 
different tissues from each accession with three biological replicates. For each 
biological replicate, equal weight of tissue from the three plants per accession in the 
same block was pooled. These samples were immediately frozen in liquid nitrogen, 
ground into a fine powder and stored at -80℃ until further use. 

Glucosinolate profiling 

Intact GSLs were determined using HPLC coupled to both UV/vis and accurate mass 
detection (LCMS). GSLs were extracted from 200 mg powder to which 600 µL of 
99.87% methanol containing 0.13% formic acid was added, followed by 15 min 
sonication and then 15 min centrifugation at 16,000g. The clear supernatants were 
directly used for LCMS analysis conforming with Jeon et al. (Jeon et al., 2021), using 
a Dionex U-HPLC sequentially coupled to a photodiode array detector and a Q-
Exactive Orbitrap FTMS (Thermo Scientific). In short, five µl of each extract was 
injected into an Alliance 2795 HT instrument 
(Waters) and compounds were separated on a C18 column (Phenomenex Luna, 2.0 
mm × 150 mm, 3 μm particle size) using a 45 min gradient from 5 to 35% acetonitrile 
acidified with 0.1% formic acid. Electrospray ionization in negative mode at a mass 
resolution of 60,000 FWHM was used to detect eluting compounds. GSLs were 
identified based on the observed accurate masses and relative retention times 
(Bonnema et al., 2019), allowing a maximum deviation of 3 ppm from the calculated 
molecular ion masses. Chromatographic peaks areas of GSLs were subsequently 
integrated using the QualBrowser module of Xcalibur version 4.1 (Thermo Scientific). 

mRNA extraction and sequencing 

Total RNA was extracted from the frozen powders using the TRIZOL reagent 
(Invitrogen) according to manufacturer’s protocol and treated with RNase-free DNase 
I (Invitrogen, Carisbad, CA, USA) to remove genomic DNA contaminations. Total 
RNA was cleaned using the cleanup protocol of the RNeasy Mini Kit (Qiagen, the 
Netherlands) according to supplier’s recommendations. RNA quantity and quality 
were assessed using a NanoDrop™ One Spectrophotometer (ThermoFischer 
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Scientific, USA), agarose gel electrophoresis, and a Qubit RNA BR Assay Kit 
(Thermo Fisher Scientific) on a Qubit 4 Fluorometer. mRNA-Seq libraries were 
prepared using the Illumina TruSeq RNA Sample Prep Kit and sequenced on Illumina 
NovaSeq platform with 150bp paired-end reads. 

Reads mapping and gene expression profiling 

Low quality reads were removed using fastp (v0.19.5) (Chen et al., 2018) with 
parameters “-q 15 -u 40 -n 5 -l 100 --trim_poly_x --detect_adapter_for_pe”. To 
minimize alignment errors, we mapped the clean reads to the five corresponding 
reference genomes (Cai et al., 2022b) using Hisat2 (v2.1.0) (Kim et al., 2015) with 
parameters “--dta”. Read counts for each gene were computed using htseq-count (part 
of the HTSeq version 0.12.4) (Putri et al., 2022) with parameters “-s no -q -f bam -r 
pos”. Hierarchical clustering and principle component analysis (PCA) were 
performed using PCAPlot and clusterPlot function in SARTools (v1.8.1) package 
(Varet et al., 2016) to check qualities for mRNA-seq replicates. Stringtie (v2.1.1) 
(Kovaka et al., 2019) was utilised to compute expression level of genes in terms of 
transcripts per kilobase of exon model per million mapped reads (TPM), with 
parameters “-e -B”. Genes with an average TPM ≥ 1 across the three biological 
replicates were considered as expressed. If a gene is expressed in any tissue of a 
morphotype, it is considered as expressed for the given morphotype. 

Identification of GSL genes in five B. oleracea morphotypes 

OrthoFinder (v2.3.12) (Emms and Kelly, 2019) was used to detect orthologs based on 
protein sequences from five B. oleracea (Cai et al., 2022b) and one A. thaliana 
genomes (TAIR10) with default parameters. A comprehensive A. thaliana GSL gene 
list was obtained from Harun et al. (Harun et al., 2020), which includes a total of 113 
genes encoding 85 enzymes, 23 transcriptional components and five protein 
transporters. Sequences of these GSL genes were retrieved from the TAIR database 
(https://www.arabidopsis.org/). To identify GSL genes in the five B. oleracea 
genomes, all A. thaliana GSL genes were compared with the orthologs identified 
between A. thaliana and each of the five B. oleracea genomes. We extracted all the B. 
oleracea genes that are orthologous to A. thaliana GSL genes. Subsequently, we 
filtered these candidate GSL homologs based on blastp alignments between all B. 
oleracea and A. thaliana GSL protein sequences with a cutoff E value ≤ 1×10-20, 
coverage ≥ 50% and identity ≥ 35%. 

Motif and domain analysis and multiple sequence alignment 
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The MEME (https://meme-suite.org/meme/) tool was used to identify conserved 
motifs for selected GSL genes in B. oleracea genomes, with a maximum number of 
10 motifs and a motif width of 6-50 (Bailey et al., 2009). NCBI-CDD 
(https://www.ncbi.nlm.nih.gov/Structure/bwrpsb/bwrpsb.cgi) was used to search for 
the conserved domains. CFVisual software 
(https://github.com/ChenHuilong1223/CFVisual) was used to visualize gene structure 
and distribution of motifs and domains (Chen et al., 2022). Protein sequences of 
interested genes were aligned using MAFFT (Katoh et al., 2005) with default 
parameters and were then visualized with Jalview 2 (v2.11.2.4) (Waterhouse et al., 
2009). 

Supporting information 

Supplementary files are available at https://github.com/cai1991/GSL  

Fig. S1 The five B. oleracea morphotypes and collected tissues for GSL extraction and RNA 
sequencing. 

Fig. S2 Principle component analysis (PCA) based on GSL data showing overall variation between 
the three biological replicates (20 samples × 3 biological replicates). 

Fig. S3 Relative quantity of individual GSL in four tissues of five B. oleracea morphotypes. (a) 
Methionine derived aliphatic C3 GSLs. (b) Methionine derived aliphatic C4 GSLs. (c) Methionine 
derived aliphatic C5 GSLs. (d) Methionine derived aliphatic C8 GSLs. (e) Branched-chain amino 
acid derived aliphatic GSLs. (f) Aliphatic hexyl GSLs. (g) Indolic GSLs. (h) Aromatic GSLs. The Y-
axis shows the peak surface area measured in LCMS for the indicated compound. Error bars indicate 
standard deviation (n = 3). 

Fig. S4 Distribution of GSL related genes in the five B. oleracea genomes. See Table S3 for source 
data.  

Fig. S5 PCA plots and cluster dendrogram based on mRNA-Seq data. In PCA plots, morphotypes 
from the top to bottom are: broccoli, cauliflower, kale, kohlrabi and white cabbage. Sample IDs in 
cluster dendrogram correspond to those used in PCA plots. Abbreviations in the PCA legends: BrLe: 
Broccoli Leaf, BrRo: Broccoli Root, BrIs: Broccoli infl_stem, BrFl: Broccoli Floret, CaLe: 
Cauliflower Leaf, CaRo: Cauliflower Root, CaIs: Cauliflower Infl_stem, CaFl: Cauliflower Floret, 
KaLm: Kale Leaf_mature, KaLy: Kale Leaf_young, KaSt: Kale Stem, KaRo: sssKale Root, KoLe: 
Kohlrabi Leaf, KoOl: Kohlrabi Outer_layer, KoIn: Kohlrabi Inner_part, KoRo: Kohlrabi Root, 
WhCo: White Core, WhLh: White Leaf_around_head, WhHo: White Head_in_outer, WhRo: White 
Root. 

Fig. S6 Pearson’s correlation analysis between GSLs and their related genes. Gene expression 
profiles (TPM values) are pooled for different copies of paralogous genes in B. oleracea. (a) 
Distribution of Pearson’s correlation coefficient. (b) Significantly (P < 0.05) correlated GSLs and 
genes. Genes are classified based on their involvement in different processes/phases as shown in Fig. 
2. (The abbreviations: COP: Cosubstrate Pathways, CSS: Core Structure Synthesis, GSD: GSL 
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Degradation, SCE: Side-Chain Elongation, SCM: Side-Chain Modification, TSC: Transcriptional 
Components, TSP: Transporters). 

Fig. S7 C3 (a) and C5 (b) aliphatic GSL profiles and expression levels of related genes in different 
tissues and morphotypes. The bar charts show relative quantity of individual GSLs in respective 
tissues and morphotypes. Error bars indicate standard deviation (n = 3). Heatmaps show gene 
expression levels. Blue and red colors are used to represent low to high expression levels, respectively. 
Gray color denotes that the gene is not identified in the corresponding morphotype. Note: 
BoAOP2;3.3 is BoAOP2. 

Fig. S8 Gene expression analysis of FMOGS-OX paralogues in four tissues in five B. oleracea 
morphotypes. The expression level was estimated using TPM values based on mRNA-Seq data. Error 
bars indicate standard deviation (n = 3). 

Fig. S9 Gene expression analysis of AOP paralogues in four tissues in five B. oleracea morphotypes. 
The expression level was estimated using TPM values based on mRNA-Seq data. Error bars indicate 
standard deviation (n = 3). Note: BoAOP2;3.3 is BoAOP2. 

Fig. S10 Gene expression analysis of GSL-OH paralogues in four tissues in five B. oleracea 
morphotypes. The expression level was estimated using TPM values based on mRNA-Seq data. Error 
bars indicate standard deviation (n = 3).  

Fig. S11 Gene expression analysis of MAM paralogues in four tissues in five B. oleracea 
morphotypes. The expression level was estimated using TPM values based on mRNA-Seq data. Error 
bars indicate standard deviation (n = 3). 

Fig. S12 IGV snapshots showing mRNA-Seq alignments in BoMAM3.2 genes from five B. oleracea 
morphotypes (Top to bottom: broccoli, cauliflower, kohlrabi, kale and white cabbage). In each 
snapshot, four tracks from top to bottom represent alignments in four different tissues.  

Table S1 Signature GSLs for the five B. oleracea morphotypes. 

Table S2 GSL related genes identified in the five B. oleracea genomes. 

Table S3 Position of GSL related genes identified in the five B. oleracea genomes. 

Table S4 Summary of RNA-Seq data and statistics for read mapping. 

Table S5 List of significantly correlated GSLs and related genes. 

Table S6 The number of GSLs/Genes that are significantly correlated with the given Gene/GSL. 

Table S7 TE annotations in the long intron of MAM3 gene in three B. oleracea genomes. 

Table S8 Gene expression (TPM values) of GSL related genes in sampled tissues. 
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Brassica oleracea includes economically important crops that exhibit enormous 
diversity in their appearance (ranging from cauliflower to kohlrabi and from cabbage 
to kale) and uses (ranging from fodder to vegetables to ornamentals). Artificial 
selection during domestication and breeding activities resulted in these highly diverse 
B. oleracea crops that are associated with different genomic architectures. B. oleracea 
is an ideal model for evolutionary and polyploidy studies in plants because it has 
undergone the Brassiceae-specific whole genome triplication (WGT) event, followed 
by rediploidization processes to form its extant genome architecture. In this thesis, we 
performed comprehensive genomics and genetics studies in B. oleracea crops, such 
as investigation of genetic diversity and domestication history, de novo genome 
assembly of five morphotypes, structural variation (SV) identification, genome 
evolution analysis, characterization of recombination landscape of inter-morphotype 
crosses, and investigation of genetic regulation underlying the variations of 
glucosinolate (GSL) profiles. In this general discussion, I will discuss how the results 
in Chapters 2-5 can improve our understanding of genomic and genetic features of 
the highly diverse B. oleracea species, and the potential application of our results in 
breeding programs. As high-quality reference genomes can significantly facilitate 
investigations on genomic evolution, genomic variation and genetic loci controlling 
important traits, I will also discuss how to generate high-quality reference genomes in 
plants using state-of-the-art technologies. Furthermore, I will discuss the accelerating 
plant pan-genome studies, which are enhanced by increasing numbers of high-quality 
genome assemblies.  

Reflection on chapters of this thesis 

Better understanding of genetic diversity and domestication of B. oleracea 

Genetic diversity is essential for a species to survive as it contributes to the ability to 
adapt to changing environments (Ellegren and Galtier, 2016, Maia and de Araújo 
Campos, 2021). In general, three different sources can contribute to the generation of 
genetic diversity: mutation, recombination and immigration (Maia and de Araújo 
Campos, 2021). To measure genetic diversity of a population, various molecular 
markers can be used, such as the traditional molecular markers including random 
amplified DNAs (RAPDs) (Williams et al., 1990), restriction fragment length 
polymorphisms (RFLPs) (Botstein et al., 1980), amplified fragment length 
polymorphic DNAs (AFLPs) (Vos et al., 1995), simple sequence repeats (SSRs) (Litt 
and Luty, 1989) and etc (Fu et al., 2016, Singh et al., 2022). Compared with these 
traditional markers, single nucleotide polymorphisms (SNPs) markers are more 
widely distributed across the whole genome at remarkably higher abundance, which 
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are also easy to be detected in a high throughput manner. An intuitive and simple 
measure of genetic diversity is to calculate the nucleotide diversity (π) based on 
molecular markers, which describes the average pairwise difference between all 
possible pairs of individuals in a population. Although the nucleotide diversity can be 
estimated at fine accuracy even with few samples, inclusion of more samples and more 
high-quality molecular markers will likely lead to more accurate estimation.  

In B. oleracea crops, several previous studies have assessed the genetic diversity (van 
Hintum et al., 2007, Farnham et al., 2008, Izzah et al., 2013, Pelc et al., 2015, El-
Esawi et al., 2016). However, these studies are usually limited by at least one of the 
following factors: 1) very low numbers of molecular markers, 2) very few accessions, 
3) not including the majority of described B. oleracea morphotypes, 4) lacking wild 
relatives that can be intercrossed with domesticated B. oleracea crops. For genetic 
diversity assessment, it is important to also include accessions from crossable wild 
species in the diversity panel. One reason is to understand whether these wild species 
already contribute to the present variation in domesticated plants. Another reason is 
that these wild species can be valuable sources to provide alleles for abiotic or biotic 
resistance. In Chapter 2, we generated an unprecedented collection of 912 globally 
distributed accessions representing ten B. oleracea morphotypes, wild B. oleracea and 
nine wild C9 species. To our knowledge, this is the most comprehensive Brassica C-
group germplasm collection published so far. We obtained large amounts of high-
quality SNPs (14,152 SNPs) for the estimation of π. Therefore, our study can provide 
a much more accurate estimate for the overall B. oleracea genetic diversity. By 
including both modern hybrids and old landraces accessions, we revealed that 
breeding activities in B. oleracea have reduced genetic diversity from old landraces 
to modern hybrids. Usually, the reduced genetic diversity can result in the loss of some 
natural defence mechanisms (i.e. disease, insect and abiotic defence), making the 
plants less resilient to environmental changes (Jump et al., 2009). Our results highlight 
the importance of screening genebank germplasms in breeding programs to bring back, 
among others, the lost defence mechanisms in plants. For example, germplasms from 
regions with warmer and drier climates (i.e. Turkey, Syria and Lebanon in our 
collection) can be used to create sustainable and resilient varieties that can better 
withstand drought and heat in hot summers. An European project (BrasExplor, 
https://www6.inrae.fr/brasexplor/) aims to explore more genetic variation by 
sampling B. oleracea and B. rapa accessions of wild populations and local landraces 
from a large climatic gradient around the Mediterranean sea. With these plant 
materials, the genetic basis of adaptive traits to climate change will be dissected and 
new varieties with relevant desirable traits will be developed. It is important to note 
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that most B. oleracea genebank accessions are heterogeneous. For this reason, 
representation by only one plant per genebank accession will result in 
underrepresentation of allelic variations. This is one of the limitation in our study 
(Chapter 2) and other relevant studies (Zhao et al., 2005, Mabry et al., 2021). Our 
data suggest a strong genetic bottleneck of cauliflower, which resulted in very low 
genetic variation. Indeed, a recent study revealed many selection signals in 
cauliflower in diverse molecular pathways (i.e. flowering time, floral identity, 
meristem proliferation, organ size and spirality), also suggesting a strong genetic 
bottleneck (Guo et al., 2021).  

We propose a two-step domestication scenario of B. oleracea crops based on the 
findings in Chapter 2, with the first step taking place in Western Europe where wild 
B. oleracea was domesticated into highly diverse kale populations and the second step 
occurring in the Middle East where these divergent kale populations were cultivated 
into modern B. oleracea crops. These diversified kale populations are likely 
transported from Western Europe to Middle East with the tin-trade routes in the 
Bronze age (around 3300-1000 BC). Our hypothesis is supported by various 
archaeological and literature evidences: 1) wild B. oleracea grows along the coasts of 
England, France and Spain, 2) highly diverse kale types are already described in 
ancient literatures, 3) cabbages and cauliflowers were mentioned in ancient literatures 
at around 400 BC, 4) tin was mined in Cornwall and Galicia and brought to the Middle 
East by ship around 2500 BC, 5) the boatmen took vegetables and seeds with them 
for the journey. In Chapter 2, we provided evidence for the highly diverse kale 
lineages and their potential role as progenitors of two domesticated lineages, the 
“leafy head” lineage (LHL) and the “arrested inflorescence” lineage (AIL), based on 
genealogical analysis and SVD-quarts species tree estimation. Moreover, we found 
that cabbages from the Middle East formed the first-branching cabbage-clade, 
supporting the hypothesis that cabbage domestication started in the Middle East. Also, 
we estimated a date of 2560 BC for the origin of B. oleracea breeding, consistent with 
a time frame of the emergence of tin-trade between the Middle East and Cornwall and 
Galicia (Berger et al., 2019).  

High-quality genome assembly of five different B. oleracea morphotypes 

Although SNP numbers in Chapter 2 are abundant enough to perform genetic 
diversity and mapping studies, they only represent a small portion of genomic 
variations in the population. Using deep Illumina whole genome re-sequencing 
instead of the Sequence-Based Genotyping (SBG, a method that reduces genome 
complexity) approach used in this chapter, one can reveal much more small-scale 
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genomic variations. However, numerous large and complex SVs cannot be revealed 
based on simply mapping short-reads or even long-reads to a reference genome (Liu 
et al., 2020). The most direct approach to generate a comprehensive SV catalogue is 
to compare genome sequences of high-quality de novo assemblies. Many studies in 
major crops indeed have shown that a single reference genome is not sufficient to 
cover the genome sequences of a species. Besides, in B. oleracea, only two short-read 
assemblies, which are not of sufficient quality, were available at the moment when we 
initiated this research. The pan-genome study in B. oleracea indeed illustrated that 
these two reference genomes only captured part of the genome sequences of this 
species (Golicz et al., 2016b). In addition to this, the pan-genome tool can shed novel 
light on the role of polyploidization in speciation and species diversification in the 
mesopolyploid Brassica species. Those are the reasons that made us to decide to 
generate several high-quality B. oleracea genome assemblies representing different 
morphotypes in Chapter 3.  

We used double haploid B. oleracea genotypes for the de novo genome assembly, 
which avoids problems arising from heterozygous regions. In diploid genome 
assemblies, differences between the homologous chromosomes are usually ignored 
and only one consensus haplotype is used to represent the diploid genome (Campoy 
et al., 2020). Basically, accuracy, completeness, contiguity and resolved haplotype are 
the factors determining the quality of a genome assembly. Our five B. oleracea 
genome assemblies meet high criteria of all these factors. In our study, we coupled 
long-read sequencing and long-range scaffolding technology, which is currently an 
efficient approach to enable high contiguity and completeness of a plant genome 
assembly. As we used long noisy Nanopore reads to construct the contigs, we then 
generated Illumina data to polish the sequences, resulting in genome assemblies with 
high base accuracy. For the long-range scaffolding information, we used Bionano 
Genomics’ new DLS technology to generate optical molecules, which can produce 
substantially long molecules. After hybrid scaffolding with Bionano optical maps, we 
harvested genome sequences that include scaffolds representing chromosome arms. 
The five final assemblies are the most continuous and complete B. oleracea genomes 
to date (contig N50 > 11 Mb, scaffold N50 > 30Mb). The quality of these assemblies 
was assessed using various approaches including BUSCO (Waterhouse et al., 2018), 
LTR Assembly Index (LAI) (Ou et al., 2018), and DNA and mRNA short-reads 
mapping. All these results support the high-quality of the five B. oleracea assemblies. 

High-quality reference genomes facilitate investigations of SVs and genome evolution. 
We identified extensive SVs (Chapter 3) based on these five high-quality genome 
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assemblies, which were further used to investigate the influence of genomic features 
on meiotic crossover formation in Chapter 4. In particular, direct comparison 
between high-quality genome assemblies allows identification of very large SVs that 
cannot be detected by read mapping approaches, such as the 4.88Mb kale specific 
inversion identified in our study. We also investigated genome evolution patterns of 
B. oleracea (five genomes in our study and four published genomes) and B. rapa (18 
published genomes) using a pan-genome approach (Belser et al., 2018, Cai et al., 2020, 
Cai et al., 2021, Guo et al., 2021), which revealed different evolutionary dynamics of 
LTR-RTs and WGT-derived gene loss between the two sister species (Chapter 3).    

Investigation of genetic regulation of GSL variation in B. oleracea 

In Chapter 5, we also showcased how these high-quality assembled genomes 
(Chapter 3) could be used to investigate genetic loci regulating important traits. We 
particularly focused on the trait of GSLs abundance because producing varieties with 
enhanced beneficial GSLs composition for health-promoting nutrition is an important 
aim of current B. oleracea breeding programs. Besides, some GSLs play a role in 
defense against pathogens and pests; the optimal GSL composition is not yet clear. 
Taking advantage of the five high-quality genome assemblies (Chapter 3), we 
generated a comprehensive list of genes that are potentially involved in GSL 
biosynthesis, degradation and transport in B. oleracea based on homology to the 
experimentally characterized GSL genes in Arabidopsis. We also produced GSLs 
profiles and transcriptomic data for 20 samples to explore variation of gene expression 
and relative GSL levels and composition between different tissues and morphotypes. 
A correlation analysis between gene expression level and GSL abundance revealed a 
group of genes that may play a role in controlling the GSL biochemical pathways. 
Most of the GSL-gene combinations did not show a direct correlation between gene 
expression level and relative GSL abundance. This is actually not unexpected due to 
transporters that establish dynamic GSL patterns between source and sink tissues 
(Nour-Eldin et al., 2012, Jensen et al., 2014) and intermediate GSL products that are 
not at the end of a pathway. We also analysed structure of several genes in detail to 
explain some of the observed GLS abundance variation. These combined analyses of 
transcriptome, metabolome and allelic variation has the potential to increase our 
understanding of the genetic control of GSL profiles in B. oleracea and lead to breed 
varieties with optimal GSL composition. Nevertheless, more in-depth analyses are 
required to fully dissect the genetic basis underlying the accumulation of GSLs in B. 
oleracea. This is because on the one hand, the function of many GSL related genes 
identified in B. oleracea still needs to be further verified to see whether they are 
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functionally diverged with Arabidopsis or which homologous copy is active due to 
the WGT event in Brassica. In addition, a metabolome-GWAS (mGWAS) analysis of 
a large panel of accessions, with a long history of recombination, can reveal candidate 
genes and loci involved with the accumulation of metabolites. However, we could not 
perform mGWAS analysis because we only have 20 samples, which are insufficient 
to achieve an adequate statistical power in association studies. 

Patterns and variations of meiotic crossovers and their affecting factors in B. 
oleracea 

As meiotic recombination generates genetic diversity by shuffling parental 
chromosomes, deciphering recombination patterns, variations and their affecting 
factors is of great importance to improve breeding efficiency via parental selection 
and defining population size. In plants, although meiotic recombination is well studied 
in several species, such as Arabidopsis and crops like maize, tomato and potato 
(Demirci et al., 2017, Marand et al., 2017, Kianian et al., 2018, Fuentes et al., 2022, 
Lian et al., 2022a), it still remains largely unexplored in species like B. oleracea and 
B. rapa, which display extreme phenotypic variations among morphotypes. To close 
this gap in Brassica genera, we characterized recombination landscapes for ten 
reciprocal crosses in B. oleracea in Chapter 4. To our knowledge, this is the most 
comprehensive study towards revealing intraspecific variation and sex difference of 
recombination rates and distributions. Besides, our data give more precision about CO 
distribution in B. oleracea genotypes, which allows further investigation of genomic 
features that influence recombination. Because of the inclusion of very diverse genetic 
backgrounds and reciprocal crosses, we revealed the very original finding that 
heterochiasmy is dependent on genetic background. This message is missing in most 
previous and recent studies in Arabidopsis and crops like maize (Bauer et al., 2013, 
Kianian et al., 2018, Blackwell et al., 2020), since usually only one factor, either cross 
combination or cross direction, is focused on. Although the mechanism of 
heterochiasmy remains elusive, multiple evidences have indicated the important role 
of the synaptonemal complex (SC), a structure that zips homologous chromosomes 
together during meiosis, in causing sex difference during CO formation. In maize, 
Luo et al. observed that the length of SC is positively related to CO number in both 
sexes, suggesting that the sex with longer SC has more COs (Luo et al., 2019). In 
Arabidopsis, Capilla-Pérez et al. showed that the SC is essential for CO interference 
and suggests that heterochiasmy is due to variation of CO interference imposed by the 
SC (Capilla-Pérez et al., 2021). With regard to the recombination landscape, we 
observed an uneven U-shaped CO distribution in B. oleracea, with typically high CO 



Chapter 6 

148 
 

frequency in distal regions and low frequency in centromeric and pericentromeric 
regions, which is consistent with those reported in other plant species (Demirci et al., 
2017, Marand et al., 2017, Pelé et al., 2017, Rommel Fuentes et al., 2020, Boideau et 
al., 2022, Fuentes et al., 2022). We showed that megabase-scale recombination 
landscapes are similar among different genetic backgrounds and between sexes. The 
SV catalogue (Chapter 3) and fine-scale resolution CO location allowed to 
investigate the effect of SVs on CO formation, with large-scale SVs locally 
suppressing recombination. Rowan et al. (Rowan et al., 2019) came up with five 
possible mechanisms explaining the underlying suppressive effects of SVs on COs: 
(1) reduced DSBs formation in SVs regions; (2) lack of template for recombination 
repair; (3) COs in SVs producing inviable gametes; (4) prevented interaction with 
homologous chromosome and/or the central element; (5) elevated DNA methylation 
in SVs. Some of these hypotheses can be further tested. For example, SPO11 
complexes produce the programmed DSBs during prophase I of meiosis (Szostak et 
al., 1983, Keeney et al., 1997, de Massy, 2013). Overlap analyses between SVs and 
SPO11-1-oligo hotspots generated by purification and sequencing of SPO11-1-
oligonucleotides could be sufficient to check whether DSBs are reduced in SVs. 
Similarly, DNA methylation levels in SVs and non-SVs regions can be compared 
using whole genome bisulfite sequencing (BS-seq).      

In our study, we investigated the influence of various genomic features on local CO 
formation, such as genes, TEs, SNPs and SVs. Allelic variation in genes essential for 
CO formation can also influence CO frequency, however, the identification of causal 
genes for CO frequency is unexplored in B. oleracea. In Arabidopsis, three causal 
genes were identified to date, including HEI10, TAF4b and SNI1 (Ziolkowski et al., 
2017, Lawrence et al., 2019, Zhu et al., 2021). Ziolkowski et al. identified HEI10 
meiotic E3 ligase gene, with natural genetic polymorphisms in this gene being 
associated with quantitative variation in CO frequency between Arabidopsis 
accessions (Ziolkowski et al., 2017). They also demonstrated that HEI10 is a limiting 
factor for interference-sensitive CO formation in Arabidopsis. Lawrence et al. 
identified the TAF4b gene, which encodes a subunit of the RNA polymerase II general 
transcription factor TFIID, by screening natural Arabidopsis populations for genetic 
modifiers for meiotic CO frequency. In the taf4b mutant, widespread transcriptional 
changes occurred, including in regulators of meiosis. They also showed that taf4b 
mutants display a genome-wide decrease of COs (Lawrence et al., 2019). Zhu et al. 
identified the SNI1 gene, which encodes a component of the SMC5/6 complex, as the 
causal gene underlying a major modifier locus (Zhu et al., 2021). They also showed 
that COs are elevated in distal regions but reduced in pericentromeric regions in the 
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sni1 mutant, and mutations in SNI1 result in reduced CO interference. However, these 
genes have never been tested in crops and the knowledge is too limited in other plant 
species. In each of our five B. oleracea assemblies, we found two copies of HEI10, 
one copy of TAF4b and one copy of SNI1 gene based on sequence homology with 
Arabidopsis. We identified some allelic variations in each gene among the five 
morphotypes, including a total of ten SNPs (eight non-synonymous SNPs) in 
BoHEI10.1, four SNPs (three non-synonymous SNPs) and three InDels in BoHEI10.2, 
23 SNPs (ten non-synonymous SNPs) and two InDels in BoSNI1, and 21 SNPs (17 
non-synonymous SNPs) and two InDels in BoTAF4b. These variations may play a 
role in influencing meiotic CO frequency in B. oleracea. However, these causal genes 
reported in Arabidopsis may also have diverged functions in Brassica species. 
Therefore, extensive in-depth analyses, such as recombination quantitative trait loci 
(rQTL) mapping, CO mapping, meiotic cytology, immunostaining and functional 
validation, are required to better understand the mechanisms behind the CO frequency 
variation in B. oleracea.  

Besides genomic factors, epigenetic features also play a role in affecting the 
recombination frequency and distribution, such as DNA methylation, histone 
modifications and nucleosome occupancy (Melamed-Bessudo and Levy, 2012, 
Mirouze et al., 2012, Yelina et al., 2012, Choi et al., 2013, Habu et al., 2015, Choi et 
al., 2018). Boideau et al. discovered that high DNA methylation levels can explain 
the lack of recombination in some large non-pericentromeric regions in B. napus 
(Boideau et al., 2022). Choi et al. found that CO incidence is significantly associated 
with reduced nucleosome occupancy in Arabidopsis (Choi et al., 2018). Previous 
studies have shown that meiotic recombination is largely suppressed by some histone 
modifications, such as H3K27me3, H3K9me3, H3K27me1, and H3K9me2 (Aliyeva‐
Schnorr et al., 2015, Baker et al., 2015, Dreissig et al., 2019). However, COs are also 
positively associated with H3K4me3 and histone variant H2A.Z in plant genomes 
(Liu et al., 2009, Choi et al., 2013, Drouaud et al., 2013, Wijnker et al., 2013, Shilo 
et al., 2015, Choi et al., 2018). Moreover, environmental conditions, such as 
temperature, nutritional status, pathogen attack, also influence rates and patterns of 
recombination (Dreissig et al., 2019). Environmental factors may influence those via 
changing the epigenetic features. However, the effect of these epigenetic features on 
CO formation in B. oleracea was not investigated in our study due to lack of 
epigenetic data. To deepen our knowledge regarding how these epigenetic factors 
influence CO formation in B. oleracea, data need to be generated and analysed in 
detail in future studies. 
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Machine learning (ML) involves a series of computational approaches that aim to find 
predictive patterns in data (van Dijk et al., 2021), which has been applied in meiotic 
recombination studies in plants. For example, Demirci et al. built models to predict 
where COs are likely to occur in the genome and learn about genomic features 
underlying CO formation in four different plant species (Demirci et al., 2018). Lian 
et al. developed models to predict the occurrence of meiotic COs in Arabidopsis for a 
given interval with chromatin-related features and analysed how the model learned to 
perform the prediction (Lian et al., 2022a). These applications allow us to understand 
genomic and epigenomic features related to CO frequency in different plants. 
Currently, enormous data related to meiotic recombination, including reference 
genomes, SVs catalogues, allelic variations in known candidate genes influencing CO 
formation, population resequencing reads, CO profiles, various epigenomics profiles 
and etc, have been released in many plant species. Using ML models to further analyse 
these data in detail will not only increase our understanding towards genomic and 
epigenomic features affecting meiotic CO formation in different plant species, but 
also reveal common and specific patterns across species. 

Manipulating crossovers for plant breeding 

Manipulating CO formation to increase the frequency and modify the distribution is 
vital for improving the efficiency of plant breeding. The reason is that on the one hand, 
the number of COs is constrained, which limits novel allelic combinations and genetic 
diversity, thus affecting favourable alleles to be combined into elite varieties (Mieulet 
et al., 2018). On the other hand, the distribution of COs is uneven, which limits the 
power in genetic mapping studies, as some regions tend to be entirely devoid of COs 
(i.e. centromeric and pericentromeric regions) (Fernandes et al., 2018). One of the 
strategies to increase CO frequency in plants is to knock-out anti-CO factors (i.e. 
RECQ4, FANCM and FIGL1) (Blary and Jenczewski, 2019). In Arabidopsis, several 
studies have demonstrated that mutations in anti-CO genes can increase CO frequency. 
For example, the recq4a and recq4b mutants lead to approximately four-fold increase 
in CO frequency in Arabidopsis hybrids (Fernandes et al., 2018, Mieulet et al., 2018, 
Serra et al., 2018b). The fancm mutation results in three-fold increase in CO frequency 
in pure lines but not in hybrids (Crismani et al., 2012, Girard et al., 2015, Ziolkowski 
et al., 2015, Fernandes et al., 2018). Also, the figl1 mutation alone results in over 25% 
increase in CO frequency in Arabidopsis hybrids whereas the combination of recq4 
and figl1 mutations leads to approximately eight-fold CO increase (Fernandes et al., 
2018, Mieulet et al., 2018). Accordingly, overexpressing or increasing dosage of pro-
CO factors (i.e. ZMM proteins) is another strategy to increase CO frequency. For 
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example, Durand et al. showed that overexpression of HEI10 doubled the Class I COs 
in Arabidopsis (Durand et al., 2022). Interestingly, combining the zyp1 mutation, 
which causes the absence of SC, and overexpression of HEI10 leads to a massive and 
unprecedented increase in the number of Class I COs (Durand et al., 2022). Besides 
in the model species A. thaliana, COs could also be increased by mutation of some 
genes in crops. Indeed, previous work showed that single recq4 mutation leads to 
about three-fold COs increase in rice, pea and tomato (Mieulet et al., 2018). However, 
sterility issues need to be taken into account when manipulating these genes in crops 
for breeding purpose, as after generating the optimal genotype, efficient seed 
production is a must. An example is the figl1 mutation, which results in fully sterile 
plants in rice (Zhang et al., 2017). Compared with CO frequency, altering the 
distribution by manipulating anti-CO or pro-CO genes seems less feasible (Blary and 
Jenczewski, 2019). Studies in Arabidopsis and rice showed that extra COs generated 
by anti-CO factor mutants preferentially occur in regions where wild-type COs 
already formed (Fernandes et al., 2018, Mieulet et al., 2018, Blary and Jenczewski, 
2019). Unlocking pericentromeric CO formation by modifying epigenetic patterns 
and fine-tuning CO numbers locally via inducing DSB formation at specific sites can 
be potential approaches to alter CO distribution (Blary and Jenczewski, 2019). 
Besides, manipulating ploidy level is another potential approach to alter the U-shaped 
recombination landscape, which can boost CO formation in pericentromeric regions 
(Pelé et al., 2017, Boideau et al., 2021). 

How to generate mutations in crops? One approach is to generate TILLING 
populations, which rely on chemical mutagenesis followed by DNA isolation and 
pooling of individuals and high-throughput screening for point mutations (McCallum 
et al., 2000, Blary and Jenczewski, 2019). This approach can be applied in many plant 
species. However, it requires tremendous crossing work, especially for self-
incompatibility species like B. oleracea and B. rapa (Himelblau et al., 2009, 
Stephenson et al., 2010). Also, many mutations that are not desirable will be generated. 
Another approach is through the targeted gene editing tool CRISPR-Cas9 that relies 
on transgenesis. Although this approach can avoid generation of unwanted mutations, 
transgenesis is not always feasible in many plant species. Besides, strict regulations 
with genetically modified organism (GMO) restrict the application of CRISPR-Cas9 
(Bakhsh et al., 2023). 

Future perspectives 

How to generate high-quality genome assemblies in plants 
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Currently, combining long-read sequencing technology and long-range information is 
the key to produce high-quality genome assemblies in plants. To simplify the 
assembly procedure and maximize the sequence contiguity and accuracy (Shi et al., 
2022), a variety of tools have been developed to generate the primary assembly 
(contigs) using long-reads (PacBio and Nanopore), such as Canu (Koren et al., 2017), 
FALCON (Carvalho et al., 2016), MECAT2 (Xiao et al., 2017), Flye (Kolmogorov 
et al., 2019), SMARTdenovo (Liu et al., 2021b), Ra (https://github.com/rvaser/ra), 
Wtdbg2 (Ruan and Li, 2020), NextDenovo 
(https://github.com/Nextomics/NextDenovo), Miniasm (Li, 2016) and Shasta (Shafin 
et al., 2020). Although these assemblers broadly follow the same Overlap-Layout-
Consensus (OLC) paradigm, they could perform remarkably differently with regard 
to the required central processing unit (CPU) hours and the quality of output. 
Therefore, it is advisable to try several tools, among which one can select the assembly 
with the highest quality. In our study, we tested five assemblers, including Canu, Ra, 
Flye, SMARTdenovo and Wtdbg2. Canu and Ra could not produce a final assembly 
due to the high computational requirements. Indeed, the availability of computational 
resources is an important factor to consider before starting a genome assembly task. 
The other three assemblers are fast and do not require massive computational 
resources. Interestingly, SMARTdenovo generates the best results with our data, 
which far surpasses its successor Wtdbg2. Another wise strategy to generate a superior 
consensus assembly is to merge assemblies obtained from different tools, as they have 
complementary effects. Moreover, sequence depth and length are important factors 
that can affect the quality of a long-reads genome assembly. Ou et al. assessed this 
effect using PacBio datasets of maize inbred line NC358 (Ou et al., 2020). They 
demonstrated that assemblies with ≤ 30× depth and N50 subread length of 11 kb are 
highly fragmented, with higher depth and longer reads resulting in more contiguous 
contigs. In Chapter 3, we showed that 35× Nanopore long-reads with N50 length of 
26kb can produce highly contiguous B. oleracea assemblies. Tang et al. also used an 
average of 30× PacBio high-fidelity (HiFi) reads to generate contig sequences of 44 
diploid potato genomes with very high contiguity (Tang et al., 2022). Indeed, 30× 
long-reads are sufficient to generate a medium-size plant genome assembly with high 
accuracy and contiguity. However, for most large and complex plant genomes, long-
reads alone are not sufficient to assemble a chromosome into a single contig. Long-
range information, such as Bionano, chromosome conformation capture (Hi-C) reads, 
10X linked reads and linkage map, can be used to order and orient the primary contigs 
to obtain the chromosome architecture. Also, as the primary long-reads assembled 
contigs are currently large in general, reference-guided approaches can also be used 
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to arrange contigs to chromosome-level pseudomolecules (Belser et al., 2018, Alonge 
et al., 2019, Jiao and Schneeberger, 2020, Alonge et al., 2022).   

It has long been challenging to construct haplotype-resolved assemblies for highly 
heterozygous plant genomes (Shi et al., 2022). Recently, several such heterozygous 
genomes have been successfully assembled in plants including diploids of potato 
(Zhou et al., 2020b), apple (Sun et al., 2020) and apricot (Campoy et al., 2020) as 
well as tetraploids of potato (Bao et al., 2022, Hoopes et al., 2022, Sun et al., 2022a), 
highbush blueberry and alfalfa (Colle et al., 2019, Chen et al., 2020b, Shen et al., 
2020). To enable successful assemblies of these complex genomes, many efforts have 
been made, such as development of advanced assemblers, use of state-of-the-art 
sequencing technologies and development of haplotype phasing strategies. For 
example, hifiasm (Cheng et al., 2021) was a recently developed assembler, which 
aims at generating haplotype-resolved primary contig sequences using the latest 
PacBio HiFi reads. Unlike most other assemblers that collapse different homologous 
haplotypes into a single consensus representation or produce all haplotypes but only 
aim to maintain the contiguity of one haplotype, hifiasm strives to preserve the 
contiguity of all haplotypes (Cheng et al., 2021). Other efforts made on haplotype 
phasing to assist assembly of heterozygous genomes include separation of sequencing 
reads into haplotype-specific read sets before assembly based on the genomic 
differences between parental genomes (trio binning) (Koren et al., 2018) or on genetic 
mapping information derived from single-cell sequencing of gamete genomes (Shi et 
al., 2019, Campoy et al., 2020, Li et al., 2020b) or Illumina sequencing of progeny 
genomes (Zhou et al., 2020a, Zhou et al., 2020b). Also, high throughput/resolution 
Hi-C technology can help to resolve haplotypes during or before genome assembly 
(Zhang et al., 2018, Linsmith et al., 2019, Zhang et al., 2019b, Chen et al., 2020b, 
Garg et al., 2021). With the rapid advances of these sequencing technologies and 
assembling strategies, we would expect a surge of heterozygous genomes with 
different ploidy levels to be deciphered in the coming future. In Chapter 2, we 
observed high genetic diversity in genebank accessions that are heterogeneous 
populations of highly heterozygous B. oleracea plants. To date, there is still no 
haplotype-resolved genome assembly for such heterozygous B. oleracea plants. It is 
therefore needed to generate haplotype-resolved reference genomes for these plants, 
which will greatly facilitate genomic-assisted breeding strategies in B. oleracea. 
Indeed, haplotype-resolved genomes allow comprehensive dissection of their genome 
organization and haplotype divergence, thus potentially guiding the design of optimal 
haplotypes by avoiding combination of known incompatibility alleles (Sun et al., 
2022a).      
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It has also long been difficult to assemble some complex regions in plant genomes, 
with the vast majority of published ones still containing gaps to date. These gaps are 
mainly attributed to long arrays of DNA simple repeats, ribosomal DNAs, tandem 
duplications or complex transposable elements (Navrátilová et al., 2022, Shi et al., 
2022). Nevertheless, a series of Telomere-to-Telomere (T2T) or gapless genomes are 
recently reported in plants (Belser et al., 2021, Song et al., 2021a, Deng et al., 2022, 
Yang et al., 2022), thanks to the rapid advances in sequencing technologies, 
assembling strategies and gap closure strategies. For instance, Song et al. took 
advantage of complementary effects of different latest sequencing technologies 
(PacBio Hifi and CLR reads, Bionano optical mapping) and seven different 
assembling tools to successfully produce two T2T rice genomes (Song et al., 2021a). 
Yang et al. constructed the potato T2T genome (DM8.1) by combining ONT ultra-
long reads, Hi-C sequencing and multiple gap closing strategies including targeted 
sequencing of gap regions using Hifi technology (Yang et al., 2022). Indeed, difficult-
to-assemble regions can be enriched by amplification experiments. Subsequently, 
DNA from these regions can be sequenced and assembled, resulting in sequences that 
can be used as patches to close the gaps (Shi et al., 2022). T2T genomes allow 
decoding of the genomic architecture and biological function of complex regions that 
were previously inaccessible. Besides, there is no need to regularly upgrade T2T 
genomes. Therefore, T2T genomes are expected to become new references for 
fundamental studies and breeding applications in the future (Shi et al., 2022). 
Although it is still not easy and there is no standard pipeline to construct T2T plant 
genomes, I suggest more efforts to be made to generate T2T assemblies for future 
genome sequencing projects.  

The surging pan-genomes in plants 

The concept of pan-genome is first mentioned in bacteria in 2005 (Tettelin et al., 
2005), which represents a collection of all the DNA sequences that occur in a species 
(Sherman and Salzberg, 2020). A pan-genome is made up of core genome and 
dispensable genome, which contain DNA sequences shared between all individuals 
and between only a subset of individuals of a species, respectively (Sherman and 
Salzberg, 2020). Over the past few years, pan-genome studies have surged in plants 
because of dramatic improvements in sequencing technologies and better 
understanding of genomic variations. The first plant pan-genome was reported in 
soybean, which revealed novel genes in seven wild Glycine soja accessions but not in 
the domesticated Glycine max (Li et al., 2014b). Subsequently, the pan-genome study 
has been performed in many other plant species, including the model species 
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Arabidopsis and major crops, rice, maize, barley, wheat, cucumber, tomato, potato, 
citrus, rapeseed, B. rapa and B. oleracea (Golicz et al., 2016b, Gao et al., 2019, 
Jayakodi et al., 2020, Jiao and Schneeberger, 2020, Liu et al., 2020, Song et al., 2020, 
Cai et al., 2021, Hufford et al., 2021, Li et al., 2021, Qin et al., 2021, Hoopes et al., 
2022, Li et al., 2022). One of the major findings of these studies is the unexpectedly 
extensive intraspecific genomic variations within a species, which highlight the 
insufficiency of single reference genomes to represent genome sequences of a species.  

There are three general approaches to construct a pan-genome: 1) iterative mapping 
and assembly, 2) sequence comparison of high-quality de novo assembled genomes, 
3) graph-based pan-genome (Bayer et al., 2020, Shi et al., 2022). For the iterative 
mapping and assembly approach, genomic reads from a panel of individuals are 
aligned to a reference genome, followed by assembling unaligned reads into novel 
contigs and linearly appending novel contigs to the backbone genome sequences. One 
advantage of this approach is that hundreds or even thousands of individuals can be 
extended to the constructed pan-genome, which allows representation of a more 
complete genomic diversity in a species and identification of rare genes. However, 
genomic locations of newly assembled contigs remain unknown in the given 
individual without further analysis (Della Coletta et al., 2021). Moreover, this 
approach is weak in characterising large SVs or assembling highly repetitive 
sequences, especially when using short-reads in a project that aims at including 
individuals from a large population (Danilevicz et al., 2020). In comparison, pan-
genomes constructed via de novo genome assembly can characterise large SVs at 
megabase level and provide important physical position information of genes and 
other genomic components for each individual. Indeed, we identified eight large 
inversions with sizes ranging from 134Kb to 4.88Mb in our B. oleracea pan-genome 
(Chapter 3), which are almost impossible to be detected in the previous B. oleracea 
pan-genome (Golicz et al., 2016b). However, this approach is very costly when 
including a large number of individuals and really depends on the quality of the 
genome assembly. Additional evidence may be required to distinguish real genomic 
differences from assembly errors or from artifacts derived from different assembly 
methods. Storing genomic information in a graph seems to be the most promising 
approach to represent a pan-genome and is now becoming increasingly popular in 
plants. In this approach, the genomic variation information of dispensable regions are 
stored along the linear reference genome as alternative paths through a graph. Unlike 
linearly stacked pan-genomes, the graph-based pan-genome contains multiple 
haplotypes for each SV locus (Garrison et al., 2018, Sherman and Salzberg, 2020, Shi 
et al., 2022), which can improve the accuracy of read mapping and variant calling. 
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Graph-based pan-genomes also allow continuous optimization by incorporating more 
newly identified SVs (Shi et al., 2022, Wang et al., 2022, Zhou et al., 2022). However, 
this approach requires massive computational resources. Several graph-based pan-
genome construction tools are under active development, such as Vg (Garrison et al., 
2018), SevenBridges (Rakocevic et al., 2019), GraphAligner (Rautiainen et al., 2019), 
minigraph (Li et al., 2020a) and PanTools (Sheikhizadeh et al., 2016, Jonkheer et al., 
2022). Moreover, to standardize plant pan-genomic analyses, Shi et al. proposed a 
three-step pipeline: 1) construction of non-redundant pan-genome sequences and pan-
genes, 2) deep annotations of variable and core sequences/genes by applying multi-
omics analysis, 3) SVs identification and construction of graph pan-genomes using 
ultra-high quality backbone genomes (Shi et al., 2022). We believe that these efforts 
will greatly promote plant pan-genomics studies and thus facilitate breeding.  

Plant pan-genomes can advance QTL mapping, GWAS, population genomics and 
domestication studies (Della Coletta et al., 2021), providing broad insights into 
fundamental researches and breeding programs. Compared to single references, pan-
genome references improve the accuracy of short-reads mapping, resulting in higher 
quality variant calls that are critically important to the success of QTL mapping and 
GWAS analysis (Bayer et al., 2020). Besides, as a causal gene may not be present in 
the given single reference genome, using a pan-genome reference can avoid these type 
of biases. This has been illustrated in both maize and potato. The gene conferring 
resistance to sugarcane mosaic virus could be identified using GWAS analysis based 
on the B73 reference genome while cannot be identified based on the PH207 reference 
genome (Gage et al., 2019, Della Coletta et al., 2021). This is because the gene is 
absent in PH207. Similarly, the StOFP20 gene, which is associated with regulating 
tuber shape, is found to be absent in DM reference genome in potato but present in 
M6 reference genome (Wu et al., 2018, van Eck et al., 2022). Moreover, previous 
phenotype-genotype association studies have almost exclusively relied on SNPs or 
small InDels, with the contribution of SVs to trait variation being largely unexplored. 
The availability of high-quality pan-genome sequences enables accurate detection of 
SVs and thus benefits association studies between SVs and agronomically important 
traits. In B. napus, Song et al. performed GWAS using presence and absence 
variations (PAVs) from eight high-quality de novo genome assemblies and identified 
causal SVs for silique length, seed weight, and flowering time that were not detected 
by SNP-GWAS (Song et al., 2020). In this thesis, we revealed extensive genomic 
variations (Chapter 3) using the new B. oleracea pan-genome, especially for the 
dispensable genes and large SVs, which are fundamentally important to guide B. 
oleracea breeding. We also investigated diversification mechanisms (Chapter 3) by 
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focusing on studying gene fractionation patterns both before and during intraspecific 
diversification of B. rapa and B. oleracea using a pan-genome approach. This 
however cannot be done without the high-quality de novo assembled sequences of 
many accessions of the two species, as the complete gene repertoire for each extant 
individual accession needs to be captured. In the coming future, we expect that pan-
genomes will become new references for comparative genomics studies and plant 
breeding programs, especially the graph-based pan-genome in combination with T2T 
backbone sequences. 

Concluding remarks 

In this thesis, I first investigated genetic diversity, genealogical relationship and 
domestication history of B. oleracea morphotypes using SBG data. I provided 
evidence for two domestication lineages, which support a middle-eastern origin for B. 
oleracea crops from diversified kale populations. Then, I generated high-quality 
genome assemblies for five different B. oleracea morphotypes by combining long-
read sequencing technologies and long-range scaffolding information. These genomes 
allowed identification of extensive intraspecific SVs and comparison of genomic 
evolution patterns between B. oleracea and B. rapa (published data) using a pan-
genome approach. Next, I characterized fine-scale resolution recombination 
landscapes for ten reciprocal crosses deriving from different parental combinations of 
these five B. oleracea morphotypes. I revealed genomic features that affect CO 
formation and highlighted extensive variations for CO number relying on striking 
interdependency of genetic background and sex of meiosis. Finally, I investigated 
GSL profile variations between different B. oleracea morphotypes and tissues, and 
provided insights into understanding genetic regulation of GSL profile variations, 
taking advantage of the five high-quality genome assemblies. These studies 
comprehensively dissect genomic architecture of highly diverse B. oleracea species 
and provide valuable genomic resources for B. oleracea improvement. As 
constructing a T2T plant genome is becoming possible, I suggest future B. oleracea 
sequencing projects also focus on making complete genome sequences, which will 
remarkably benefit fundamental studies and breeding applications in Brassica.
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Summary 

Brassica oleracea includes economically important crops that display enormous 
phenotypic variation, including vegetables like cabbage, broccoli, cauliflower, 
kohlrabi, kales and etc. Artificial selection during domestication and breeding 
activities resulted in these highly diverse crops. The domestication history of this 
species has not been clarified, despite several genetic studies and investigations of 
ancient literature. Like other Brassica crops, B. oleracea also varies extensively in 
content and composition of glucosinolates (GSLs), a class of secondary plant 
metabolites, which play important roles in defense against pathogens and pests. They 
may affect taste and have both anti-nutritional properties and health benefits for 
consumers. However, the genetic regulation of GSL variation remains elusive in B. 
oleracea. A high-quality reference genome can provide a solid basis for comparative 
and functional genomic studies and breeding. The first two draft B. oleracea genomes 
released in 2014 were not yet of sufficient quality. Moreover, resequencing data 
analysis and a pan-genome study based on short reads mapping and assembly 
approach provided ample evidence for structural variations (SVs) between genomes 
of different B. oleracea morphotypes. Therefore, the need for more high-quality de 
novo reference genomes representing diverse B. oleracea morphotypes became 
evident. As one of the main sources for generating genetic diversity in sexual 
organisms, meiotic recombination is essential in plant breeding to combine beneficial 
traits. This process also assures proper segregation of parental chromosomes during 
meiosis, thus guaranteeing genome integrity and stability. As meiotic recombination 
is tightly regulated, identifying factors influencing rate and distribution of meiotic 
crossovers is of major importance. However, high-resolution recombination maps are 
sparse in the Brassica genus and knowledge about intraspecific variation and sex 
difference is lacking. The aim of this thesis is to explore genomic and genetic features 
of the very diverse B. oleracea species and to provide insights into the research 
questions as mentioned.   

In Chapter 2, we generated a germplasm collection of 912 globally distributed 
accessions representing ten morphotypes of B. oleracea, wild B. oleracea accessions 
and nine related C9 Brassica species. We used 14,152 high-quality SNP markers to 
study the genetic diversity, genealogical relationships, population structure and 
domestication history of B. oleracea morphotypes. We showed that genetic diversity 
reduced from old landraces to modern hybrids for almost all morphotypes. 
Cauliflower is the least diverse morphotype showing strong genetic differentiation 
with other morphotypes except broccoli. We provided evidence for two domestication 
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lineages, the ‘leafy head’ lineage (LHL; cabbages, collards and ornamentals) and the 
‘arrested inflorescence’ lineage (AIL; cauliflower and broccoli). We found evidence 
for a far eastern origin of the AIL and LHL clades in both the presence of diversified 
kales and in the first-branching cabbage clade with accessions from the middle-east 
that seems ancestral. We proposed a scenario in which ancient divergent kale lineages 
have led to AIL and LHL. Together with archaeological and literature evidence, we 
also hypothesized that cabbages and cauliflowers stem from kales introduced from 
Western Europe to the middle-east, possibly transported with the tin-trade routes in 
the Bronze age, to be re-introduced later into Europe. 

In Chapter 3, we de novo assembled chromosome-scale reference genomes for five 
different B. oleracea morphotypes, namely broccoli, cauliflower, kale, kohlrabi and 
white cabbage, by combining long reads (ONT), Bionano DLS optical maps and 
Illumina short reads. These high-quality genome assemblies provide valuable 
genomic resources for fundamental genomic studies and B. oleracea breeding 
programs. We revealed both highly syntenic relationships and extensive SVs among 
the five genomes through comparative analyses. Together with four previously 
published high-quality genomes, we revealed the composition and features of a B. 
oleracea pan-genome via a de novo assembly approach. Additionally, we investigated 
intact LTR-RTs in the pan-genome of B. rapa and B. oleracea, and revealed their 
different evolutionary dynamics. Furthermore, using a pan-genome approach, we 
studied the impacts of the whole genome triplication (WGT) event and subgenome 
dominance on intraspecific diversification of B. oleracea. We also compared 
evolutionary patterns regarding biased WGT-derived gene loss between B. rapa and 
B. oleracea and observed faster WGT-derived gene loss in B. rapa than in B. oleracea 
before intraspecific diversification. In addition, we revealed continuing gene loss bias 
during intraspecific diversification for both species.  

In Chapter 4, we investigated recombination variation among ten different genetic 
backgrounds (crosses/cross combinations) in B. oleracea and studied the sex 
differences for each cross. To do so, we constructed five large Four-way-Cross (FwC) 
populations with each two F1s being reciprocally crossed per population. Parents are 
highly diverse inbred lines representing major crops and are the same plant materials 
used for genome sequencing in Chapter 3. We sequenced a total of 1,248 progeny 
genomes and harvested ~4.56T Illumina data for the five FwC populations. From this 
fine mapping, we identified a total of 15,353 crossovers (COs) and characterized fine-
scale resolution recombination landscapes for all ten female and male crosses. We 
revealed fairly similar megabase-scale recombination landscapes among all cross 
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combinations and between the sexes, and provided evidence that these landscapes are 
largely independent of sequence divergence. We evidenced strong influence of gene 
density and large SVs (generated in Chapter 3) on CO formation in B. oleracea. 
Moreover, we found extensive variations in CO number depending on the direction 
and combination of the initial parents crossed with, for the first time, a striking 
interdependency between these factors. 

In Chapter 5, we analyzed the relative abundance of 23 different GSL structures in 
both roots, stems and the edible parts of five different B. oleracea morphotypes, the 
same plant materials used for genome sequencing in Chapter 3. We generated a 
comprehensive list of GSL related genes in the five corresponding high-quality B. 
oleracea genome assemblies (Chapter 3) based on sequence homology with 
Arabidopsis. We also analyzed expression levels of these GSL related genes using 
mRNA-Seq data. We revealed strong variation in terms of relative abundance and 
composition of GSLs, and GSL related gene expression levels among different tissues 
and different morphotypes. We found significant correlations between the abundance 
of 23 GSLs and expression level of 109 related genes. We also present interesting 
observations, including a non-functional AOP2 in broccoli related to the loss of the 
conserved 2OG-FeII_Oxy domain, explaining the specific accumulation of health-
promoting 4-methylsulfinylbutyl and 5-methylsulfinylpentyl GSLs in broccoli, and 
transposable elements (TEs) insertion activities in one paralog of the MAM3 gene in 
three out of the five genomes causing long and repeat-rich introns, respectively. 

In Chapter 6, I summarized and discussed the work of previous chapters in relation 
to published studies. Besides, I discussed how to generate high-quality plant genome 
assemblies using the state-of-the-art technologies and mentioned the surging plant 
pan-genomes, which are expected to be the new reference in the future. 

 

  



 

 

 



Acknowledgements 

187 
 

Acknowledgements 

My PhD journey has finally come to an end. Completing a PhD has been a 
rollercoaster ride, full of ups and downs. As I look back, moments of excitement and 
breakthroughs, but also moments of frustration and setbacks flood my mind. Without 
the assistance, support, encouragement, and companionship of so many people, I 
could not have completed this long and challenging journey. I want to use this 
opportunity to thank all the people who helped me along the way to becoming a “Dr”. 
Please, don’t be offended if your name is not on this list. I cannot express in words 
how much I appreciate each and every one of you.  

First of all, I would like to express my sincere gratitude to my promoter and daily 
supervisor, Guusje. Dear Guusje, I still remember the day we met in person for my 
interview in October 2017 in Beijing. I was extremely nervous at the beginning of the 
interview because it was my first time having an interview in English, and it was far 
from good. However, your kind and reassuring demeanour quickly put me at ease, and 
our conversation flowed smoothly. Shortly after you returned to the Netherlands, you 
informed me that you were positive about my performance and offered me the 
opportunity to join your research group to pursue a PhD at WUR. I cannot thank you 
enough for trusting in my abilities and providing me with this incredible opportunity. 
Over the past ~4.5 years, I have been incredibly fortunate to have you as my supervisor. 
Your guidance, support, assistance and encouragement have been invaluable, and I 
have learned so much from you. You are a responsible and patient supervisor, and 
your positive attitude towards both work and life has been an inspiration to me. Your 
expertise in Brassica is truly impressive, and I have enjoyed a lot our (bi)weekly 
meetings where we mainly discussed my results, and you offered insightful 
suggestions and ideas. Your training was very helpful in making me an independent 
and critical researcher. During my writing period, your timely revisions and 
constructive feedback have been immensely helpful. I’m aware that I may be your 
most “pushing” PhD, often sending you emails or WhatsApp messages in the evenings 
or on weekends. I’m sorry if this has caused you any inconvenience. I would also like 
to express my gratitude for the many times you invited us to your home for dinners 
and parties. These occasions were always enjoyable and provided a much-needed 
break from work. 

I would also like to thank my co-promoter, Richard (Finkers). Dear Richard, the first 
time I met you was when I hurried into your office to request an account for the PBR 
server. I hope my approach did not annoy you. Several months later, Guusje invited 
you to be my co-promoter, and I had the opportunity to get to know you better. You 



Acknowledgements 

188 
 

are truly an expert in bioinformatics and genetics. I appreciated your input and 
suggestions on my project, particularly regarding the technical aspects of 
bioinformatics. You also introduced me to colleagues from the PBR bioinformatics 
team and invited me to attend the Tuesday seminar, where we had wonderful 
discussions about our work and other interesting topics. During the Covid pandemic, 
I was feeling a bit overwhelmed, but you took the time to invite me for a chat in front 
of Radix. Thanks a lot for your moral support and encouragement. I was sad when 
you informed me in your office that you were leaving WUR to take the new position 
in a company. I missed you after your departure. I’m thrilled that you can be present 
on stage with me during my defence as my co-promoter. Thank you for all your 
contributions to my PhD journey. 

My appreciation also goes to my colleagues and collaborators who made remarkable 
contributions to my project. Johan, you did great job on wet-lab experiments for my 
project and are a co-author of all my research chapters. Without your work in taking 
care of the plants and extracting high-quality DNAs and RNAs, I could not have 
produced such nice results. I really enjoyed working with you, and I appreciate your 
time and patience in answering my questions or helping me whenever I came to you. 
Also, thank you for your generous help in improving my spoken English during my 
IELTs exam preparation. Alexandre, thank you very much for your invaluable 
contribution to our discussions on recombination. I’m sorry that you had to work late 
nights and early mornings several times to revise our manuscript. You encouraged me 
a lot, especially when our manuscript got rejected for the first time. Anyway, we ended 
up with a very nice publication. It was a pity that our time together in Wageningen 
was short, only two months. I could have learned so much more from you if you had 
stayed at Wageningen longer. Ric, thank you for your contribution to the metabolite 
chapter. Your extensive revisions and thoughtful comments greatly improved our 
manuscript. I hope we can publish this chapter soon. Freek, I’m impressed by your 
expertise in evolution and phylogeny, and your critical approach to research. I’m very 
happy that with your help, we published my first paper during my PhD. Thank you 
very much for your contributions. I also want to thank the members from our 
consortium meeting, Gerard, Henk, Ilja, Jan-Dick and Saulo for their in-kind 
contributions and suggestions regarding my project. 

To my external supervisor Francine, thank you for caring about the progress of my 
research and providing valuable guidance in planning for my future career. Our 
conversations were always a great pleasure, and I appreciated the nice coffee and 
desserts you kindly provided. I also greatly appreciate your support during the early 



Acknowledgements 

189 
 

stages of my PhD when I encountered difficulties submitting a sufficient language 
certificate. 

My gratitude goes further to both the current and previous members of the PBR 
Growth and Develop group: Alejandra, Beiyu, Celia, Christian, Chunmei, Csaba, 
Damian, Ernst, Hao (Qian), Hongbo, Jan-Kees, Jorge, Li (Shi), Lorena, Marian, 
Natalie, Niccolo, Ning (Guo), Sara, Tianpeng, Wei (Sun), Xiaoxue, Xulan and 
Zihan. Our scientific discussions, coffee breaks and shared activities have been some 
of the most enjoyable moments of my PhD journey, and I appreciate all the help and 
support I have received from this amazing group of individuals. Celia, thank you for 
trusting me and inviting me to collaborate on your project. Damian, I enjoyed our 
conversations over meals and appreciate your help in revising my draft propositions. 
Ernst, thank you very much for helping me move. I also enjoyed our walks at the 
university. Jorge, you always encouraged me to relax and do sports. Our chats were 
always a source of relaxation and enjoyment. Li (Shi), you are always very warm-
hearted, offering recommendations for a wide variety of things (groceries, food, 
restaurants, cream, shampoo, clothes, etc). These made my life easier as a lazy men. 
Marian, thank you for organizing several nice lab trips, which were such enjoyable 
experiences. Ning (Guo), many thanks for picking me up from the bus station on the 
first day I arrived in the Netherlands. Wei (Sun), I really enjoyed our lunchtime and 
coffee break chats and appreciated that you are always generous in sharing your 
delicious snacks. Xiaoxue, I’m grateful for the information you provided about the 
PhD position in Guusje’s group and for your help with my application. Xulan, since 
you moved, you have always offered your spacious apartment as a gathering place for 
meals and games. I’m fully aware of the amount of work you put into cleaning before 
and after each gathering. Thank you for all the wonderful memories we have shared 
in your home. Zihan, I met you on the first day when I arrived in the Netherlands. 
You helped me a lot to settle down at the very beginning. I particularly enjoyed the 
delicious food you cooked and our travels together. Thank you for making all these 
nice memories. I would like to express my sincere gratitude once more to my lovely 
paranymphs, Celia and Xulan, for your invaluable assistance in organizing my 
defense.       

Thanks to current and previous colleagues from the PBR bioinformatics team: Brian, 
Danny, Edouard, Edwin, Evangelia, Fernanda, Marjolein, Martijn, Matthijs, 
Natascha, Nathalie and Patrick. I learned a lot about bioinformatics from you and 
really enjoyed our Tuesday meetings. Danny, thank you for helping me with my 
mRNA-seq data analysis. Martijn, thank you for organizing the nice BBQ at your 



Acknowledgements 

190 
 

home. I wish you success in your new position. Matthijs, thank you for taking care 
of the server and ensuring that we could work smoothly.  

Also, thanks to the PBR secretaries, Daniëlle and Nicole, for your efficient and timely 
handling of all the administrative matters. Thank you, Richard (Visser) and Rene, for 
your valuable suggestions that helped us address the issues we confronted during our 
project. Thank you, Susan, for your help with the EPS administrative and educational 
aspects.  

I would also like to thank my office mates: Bettina, Corentin, Elisabeth, Gabrielle, 
Peihong and Xinfang, for creating a wonderful working environment and for sharing 
snacks with me. Corentin, thank you for all the nice discussions we had about our 
project in the office and for recommending many informative articles to me. 

Thanks to all my fellow PhDs at PBR: Alejandro, Anouk, Antonino, Aviv, Dong 
(Zhang), Eleni, Francesco, Huayi, Jaae, Jingjing (Mao), Kasper, Lampros, Laura, 
Marcella, Mengjing, Sri, Tim, Xuexue, Yerisf, Yi (Wu), Ying (Liu), Yingjie and 
Yanlin. Your company throughout this long journey has made it much less lonely. 
Dong (Zhang), we started our PhD around the same time. Thank you for inviting me 
to play various sports (basketball, tennis, ping pong, volleyball, squash) and to your 
home for nice food you cooked. I hope to see you soon graduate as well. Huayi, thank 
you for preparing delicious meal for us on my first Chinese New Year Eve in the 
Netherlands.  

Thanks to other friends whom I met here in the Netherlands. Cheng (Ge), Si (Qin), 
Xiaotian, Yiyuan and Ziyang, thank you for the wonderful memories we shared 
together, cooking up delicious food, hanging out, playing Nintendo Switch, card 
games, and more. Si (Qin), thank you for delivering Ibuprofen to my room during my 
Covid quarantine, which helped alleviate my pain and discomfort during those first 
two challenging days. Chen (Liu), Chunzhe, Jianing (Liu), Ke (Chen), Xiaofei, Xue 
(Pan), Yun (Yu), Zhuang (Yang) and Zulin, thank you for the wonderful times we 
spent playing badminton or basketball together. It was always very relaxing to do 
sports and chat with you guys. Zulin, I enjoyed the many times we had our “high 
calorie dinner” (like pizzas and colas) after our sports activities. And thanks for 
organizing the self-driving trip to Belgium Luxemburg after obtaining your Dutch 
driver’s license. Anna (Huang), Chenglong, Han (Wang), Jiyao, Qi (Wang), Wei 
(Xiong), Weixuan, Wenyu, Xiaoning, Min (Xu), Panpan (Xu), and Xiyu, thank you 
for the wonderful times we spent together on campus. It was always a great pleasure 
to see and talk to each of you. Han (Wang), thank you for inviting me to your home 
and treating me to your self-made desserts, especially the delicious Tiramisu. 



Acknowledgements 

191 
 

Thanks to the China Scholarship Council (CSC) for providing me with a grant to 
pursue my studies in Wageningen. I’m also grateful for my master’s supervisors, Prof. 
Xiaowu Wang and Prof. Feng Cheng, who have imparted a wealth of knowledge to 
me in the field of genomics and bioinformatics, laying a solid foundation for my future 
PhD work. Furthermore, I want to thank Silong, Xiaobo, Xu (Cai) and Yayan for 
their invaluable assistance and engaging discussions during my bioinformatic analysis. 

Special thanks to Qianru. Thank you for all your encouragement and support, 
especially during my writing period. I wish you great success with your experiments, 
and I look forward to celebrating with you next year when you also earn your well-
deserved doctorate. 

感谢我的⽗⺟，这些年一直在外求学，无法在身边陪伴你们，感谢你们的理解

和支持。希望你们多注意休息，身体健康，开心快乐。哥哥嫂子，感谢你们这

些年陪伴在⽗⺟身边，帮忙照顾⽗⺟，也感谢你们对我的理解。感谢我所有关

心和支持我的亲人和朋友们！    

 

 

Chengcheng Cai 

蔡成成 

10 April 2023, Wageningen 

 

 



 

 

 

 



About the author 

193 
 

About the author 

Chengcheng Cai was born on December 31, 1991, in 
Suizhou, Hubei province, China. In 2010, he began his 
undergraduate studies in horticulture at the College of 
Horticulture, Shenyang Agriculture University, 
Liaoning, China. After obtaining his BSc degree in 2014, 
he pursued a master’s study in vegetable science at the 
Institute of Vegetables and Flowers (IVF), Chinese 
Academy of Agricultural Sciences (CAAS), Beijing, 
China. He completed his master’s thesis entitled 
“Brassica rapa reference genome upgrade and genome 
evolution analysis” under the supervision of Prof. 
Xiaowu Wang and Prof. Feng Cheng. In 2017, he 
obtained his MSc degree and joined Berry Genomics Co. Ltd (Beijing, China) as an 
bioinformatician. In 2018, he received a fellowship from the China Scholarship 
Council and moved to the Netherlands to study genomics in crops as a PhD student in 
Wageningen University & Research. This thesis presents the outcome of his PhD 
research entitled “Unlocking the secrets of Brassica oleracea crops: a genomic 
journey”, which was supervised by Dr Guusje Bonnema (promoter, daily supervisor) 
and Dr Richard Finkers (co-promoter).  

 

 



 

 

 



List of publications 

195 
 

List of publications 

• Chengcheng Cai#, Xiaobo Wang#, Bo Liu, Jian Wu, Jianli Liang, Yinan Cui, 
Feng Cheng, Xiaowu Wang. Brassica rapa Genome 2.0: a reference upgrade 
through sequence re-assembly and gene re-annotation. Molecular Plant, doi: 
10.1016/j.molp.2016.11.008, 2017.  

• Chengcheng Cai, Johan Bucher, Freek T. Bakker and Guusje Bonnema. 
Evidence for two domestication lineages supporting a middle-eastern origin for 
Brassica oleracea crops from diversified kale populations. Horticulture 
Research, doi: 10.1093/hr/uhac033, 2022. 

• Chengcheng Cai, Alexandre Pelé, Johan Bucher, Richard Finkers and Guusje 
Bonnema. Fine mapping of meiotic crossovers in Brassica oleracea reveals 
patterns and variations depending on direction and combination of crosses. The 
Plant Journal, doi: 10.1111/tpj.16104, 2023. 

• Chengcheng Cai, Johan Bucher, Richard Finkers and Guusje Bonnema. 
Chromosome-scale genome assemblies of five different Brassica oleracea 
morphotypes and the insights on intraspecific diversification. bioRxiv, doi: 
10.1101/2022.10.27.514037, 2022.  

• Chengcheng Cai, Ric C.H. de Vos, Hao Qian, Johan Bucher and Guusje 
Bonnema. Metabolomic and transcriptomic profiles in diverse Brassica oleracea 
crops provide insights into genetic regulation of glucosinolate variation. 
(Submission in preparation) 

• Lixia Fu#, Chengcheng Cai#, Yinan Cui, Jian Wu, Jianli Liang, Feng Cheng, 
Xiaowu Wang. Pooled Mapping: An Efficient Method of Calling Variations for 
Population Samples with Low-depth Resequencing Data. Molecular Breeding, 
doi:10.1007/s11032-016-0476-9, 2016. (#co-first author) 

 



  

 

 

 

 



Education statement 

197 
 

 



Education statement  

198 
 

 

 

date cp
► 

11 Jun 2019 0.3
24 Oct 2019 0.1

Nov-Dec 2019 1.5
05 Oct 2020 0.3

Feb-Apr 2021 1.8
► 
► 

Subtotal Personal Development 4.0

date cp
► 
► 

May-Oct 2021 3.0
3.0

36.3

* A credit represents a normative study load of 28 hours of study.

TOTAL NUMBER OF CREDIT POINTS*

Courses

Subtotal Teaching & Supervision Duties

4) Personal Development
General skill training courses
EPS introduction course, Wageningen, NL
EPS workshop: Scientific Paper Writing, Wageningen, NL

Herewith the Graduate School declares that the PhD candidate has complied with the educational requirements set by the Educational Committee of EPS with a 
minimum total of 30 ECTS credits. 

Supervision of BSc/MSc students 

WGS course: Project and Time Management, Wageningen, NL
WGS course: Scientific Publishing, Online

Membership of EPS PhD Council

WGS course: Scientific Writing, Online

Supervision MSc major thesis, Hao Qian

Organisation of meetings, PhD courses or outreach activities

5) Teaching & Supervision Duties



 

199 
 

The research described in this thesis was financially supported by the Top Consortium 
for Knowledge and Innovation (TKI) (grant number: 1605-004) and ZonMw (grant 
number: 435005030), and was co-supported by the breeding companies Bejo and 
ENZA. Part of the work was supported by TKI project 1309-011 and the plant 
breeding companies Bejo, ENZA, Rijk Zwaan, Syngenta, Takii, Hazera, and 
KeyGene.  

Chengcheng Cai was sponsored by the China Scholarship Council under grant number 
201809110159.  

Financial support from Wageningen University for printing this thesis is gratefully 
acknowledged.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Cover design by Chengcheng Cai and Jingjing 

Layout by Chengcheng Cai 

Printed by ProefschriftMaken 




	Lege pagina



