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1. General introduction 

1.1. Wheat germplasm resources 

1.1.1. Wheat as a major crop 

Wheat is the second most widely cultivated crop with over 220M hectares harvested worldwide 
in 2021. The largest wheat producers are China, India, Russian Federation, USA, and France 
(FAOSTAT, 2022, https://www.fao.org/faostat/en/#data). The global wheat production in 2021 
was 770M tonnes, with productions above 700M tonnes over the past decade. The main use of 

wheat is for human consumption and is divided mainly in pasta (Triticum durum; about 5% of 
global consumption) and bread (Triticum aestivum; roughly 95% of global consumption) wheat 
and it is used for feeding in some regions, such as the United Kingdom (UK). 

Yields of wheat production has been affected by biotic and abiotic stresses since its domestication 
and these factors have been intensified in recent years. Important pathogens affecting wheat 
production include yellow rust, stem rust, leaf rust (Puccinia ssp.), wheat blast (Magnaporthe 

oryzae Triticum), and fusarium head blight (Fusarium ssp). It is estimated that these diseases 
generate between 10-28% loses on yield production (Savary et al., 2019). The immediate strategy 
used by farmers is to employ chemical fungicides and pesticides to fight back those threats. 
However, breeding efforts to develop resistant varieties and managing fields rotating crops are 

increasingly becoming more important with recent bans on the use of chemical inputs. In addition 
to the biotic threats, wheat production its threatened by abiotic stresses such as droughts, heat, 
and extreme colds in spring wheat growing regions. It is predicted that those threats will continue 

with the unpredictable changes in climate. Alongside, wheat production faces a new challenge 
with the recent conflict between countries, such as the Russian invasion of Ukraine (third and sixth 
worldwide wheat producers, respectively). As a result, several developing countries are suffering 
the lack of this basic staple food for their daily basis (Bentley et al., 2022). 

 

1.1.2. The origin of hexaploid wheat 

Bread hexaploid wheat consist of three sub genomes originated from two main interspecific 

hybridizations (Triticum aestivum L. AABBDD, 2n = 6x = 42). The first hybridization originated 
between Triticum urartu (AA), the main donor of the A subgenome, and a closely wild relative of 
Ae. speltoides (BB), the B subgenome donor (Daud & Gustafson, 1996; Miki et al., 2019). This event 

gave rise to the wild tetraploid Triticum turgidum (AABB) (Huang et al., 2002). A second 
hybridization event from a cultivated tetraploid wheat T. turgidum ssp. dicoccum with the Ae. 
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tauschii (DD) genome gave rise to the hexaploid bread wheat T. aestivum (Miki et al., 2019). Thus, 
the D subgenome was originated from the diploid Ae. tauschii. 

Subgenomes A and B diverged from a common ancestor ~7 million years ago while the D genome 
was originated from a hybridisation and subsequent speciation event between the A and B 
genome donors ~5 million years ago (Fig. 1.1)(Li & Gill, 2006; Marcussen et al., 2014). Historical 
records and the absence of wild hexaploid wheats suggest that modern T. aestivum originated 

after the first wheat domestication ~8-10 thousand years ago (Salamini et al., 2002). This 
hypothesis is supported by historical and archaeological records of hexaploid wheat cultivation in 
the region of the Fertile Crescent in the North of Iran. It is hypothesized that the hexaploidy wheat 

expanded from this place to several other regions worldwide including Europe and Asia as a result 
of its wide adaptation from its polyploid genome nature (Dubcovsky & Dvorak, 2007). 

 

 

Fig. 1. 1 From (Li & Gill, 2006). Evolutionary relationships among different wheats and their domestication. 

“The vertical dashed line separates the wild species (left) from the domesticated forms (right). The species and 
subspecies marked with grey background are free threshing. The genome formula follows the species”. 
 

1.1.3. The Watkins Landraces Collection 

A landrace is a locally grown cultivar of a crop commonly cultivated by farmers who keep and 
propagate their “best seeds” after each generation of cultivation. These landraces are usually well 
adapted to small regions and due to the nature of being open pollinated, maintain a relatively high 

level of heterogeneity depending on the species and type of cultivation compared to developed 
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elite modern varieties. Large collections of landraces for different important crops or “orphan 
crops” are maintained in seedbanks as a germplasm reservoir. In several cases those accessions 

remain unexploited by breeders or geneticist due to the difficulty and time consuming to “clean-
off” undesirable traits. It has been demonstrated, however, that landrace collections maintain 
unvaluable agronomically important alleles particularly against pathogens and for nutritional value 
(Sansaloni et al., 2020; Würschum et al., 2022). 

Historically, landrace collections were developed by individual researchers or geneticists for 
different crops. Later those collections were created systematically by institutions or universities 
in attempts to capture the widest genetic diversity of a species (Langridge & Waugh, 2019; 

Mascher et al., 2019; Schulthess et al., 2022).  Wheat is not the exception, and large collections of 
landraces and cultivars have been maintained and are available worldwide. For example, 
important landrace collections of wheat are maintained at CIMMYT (Sansaloni et al., 2020; Vikram 

et al., 2016), INRA (Balfourier et al., 2019), IPK (Schulthess et al., 2022), Central Europe (Cseh et 
al., 2021), GediFlux (Aradottir et al., 2017), and in JIC to mention some. The former maintains and 
curate the Watkins (Wingen et al., 2017) collection. 

In this work, we employed the Watkins collection created in the UK. The Watkins collection initially 

consisted of more that 7,000 bread and durum wheat accessions collected by A.E. Watkins in the 
1930s at the School of Agriculture in Cambridge. It includes cultivars collected from local markets 
from 32 countries covering Asia, Europe, Africa, and the American continent (Wingen et al., 2014). 

Thousands of accessions from the collection were lost and 1,291 accession remain accessible at 
the John Innes Centre. From this set of lines, a process of selection and stabilization by Single Seed 
Descent (SSD) to remove some of the mixture and heterogenicity was applied by the Griffith’s 
group (Dr. Simon Griffiths) and 827 remain as the “Watkins Stabilised Collection of Hexaploid 

Landrace Wheats”. Although this process of stabilization removed most of the heterogenicity, 
after a century of regeneration and seed propagation, some pollen cross contamination may have 
occurred among them. In our study having homozygous genotypes is of importance since our 

method to detect genetic variations is affected by heterogenicity since it cannot differentiate 
between a heterozygous or homozygous loci in a genotype. Instead, our method will detect a locus 
as present regardless of its level of heterogenicity which could impact on the results and 

conclusions. This topic will be discussed in Chapter 2. 

Analysis between the SSD sister lines revealed on average 35% alleles differing among them when 
using 41 simple sequence repeat (SSR) markers (Wingen et al., 2014). Out of 827 accessions, 86% 
are spring and 14% are winter habit. Initially were grouped into nine ancestral geographical groups 

by using reduced genotypic data but were condensed later to seven when using whole genome 
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re-sequencing data (unpublished data). Analysis of the 41 SSR markers revealed on average 22.4 
alleles per loci with a minimum of 3 and a maximum of 61 in the entire 827 Watkins accessions. 

The collection was also characterised with single nucleotide polymorphism (SNP) arrays by 
(Wingen et al., 2017) and (Przewieslik-Allen et al., 2021) who identified a series of wild wheat 
introgressions, chromosome rearrangements, and deletions which we will further explore in 
Chapter 4. From this collection, a core set sub-collection of 119 accessions that captures ~97% of 

the total genetic diversity was subcategorized. This genetic diversity has been consistently 
reflected on the phenotypes observed among the accessions for different traits (Wingen et al., 
2014). This core set it is included in the WatSeq initiative and in this thesis. 

Although, it is difficult to predict the year of origin from landraces and its cultivation, several 
accessions from the WatSeq collection may have acted as founders for important breeding 
programs as documented in history books of breeding. Therefore, it is likely that many intact 

genome regions made their way through into modern cultivars and it won’t be unexpected to find 
large intact genome regions being selected by breeders into modern cultivars. There may be, 
however, an invaluable set of novel alleles still unexploited in the collection that could help to 
improve novel modern varieties for yield and other agronomically important traits. 

 

1.1.4. Wheat breeding and current modern cultivars   

Breeding is defined as the act of selecting genotypes with desirable traits to directly or indirectly 

satisfy human needs (Adams, 1962). Plant breeding has had great impact on food production by 
the release of new cultivars worldwide for different crops with better yields, disease resistance, 
nutritional value, and several other important traits (Borlaug, 1983). Early plant improvements 
were made directly by farmers and these “early breeders” selected traits empirically observing 

and keeping the best plants for subsequent generations. As described in section 1.1.3., these early 
and locally adapted groups of plants selected by farmers are known as landraces. For example, 
historical evidence suggests that the free-threshing spikes on cereals was one of the first trait 

selected during domestication (Peng et al., 2011). Selecting and keeping this trait facilitated 
manual work to separate grains from the lemma, palea, and glumes during the post-harvest 
process. 

Later, with the progress in science and new discoveries in genetics with the work of Mendel and 
other geneticists (e.g., Biffen, Saunders, Bateson), selection followed by hybridization in wheat 
improvement was initiated in the late 19th century simultaneously in France, Germany, Canada, 
US, and Australia. Early breeding methods evolved from bulking and pure line selection to directed 
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hybridizations controlling the process of pollination. By region, these early wheat breeding 
schemes were dominated by the private sectors in Europe and mainly by the government in 

Canada, US, and Australia. The progress was constant and for the middle of the 20th century the 
release of pure lines was increasingly common in both, public and private sector (Baenziger & 
Principal, 2009). 

The Watkins landrace collection described in section 1.1.3 is a representation of the genetic 

diversity in wheat before modern cultivars and elite breeding lines. After landraces, early cultivars 
dominated the acreage of agronomically important regions worldwide. One example from the 
Northern Europe is the GediFlux collection which stands for “Genetic Diversity in Agriculture: 

Temporal Flux, Sustainable Productivity and Food Security”. These early modern cultivars are 
composed of two main datasets: 1) The Euro-Recommended List cultivated from 1945 to the 
2000s including 282 accessions, and 2), the UK National List (NL) which comprises 197 accessions 

from the 1990s. The complete collection contains winter wheat accessions from Austria, Belgium, 
Germany, Denmark, France, Great Britain England, Netherland, and Sweden. Consistently, genetic 
analysis and population structure of this collection differentiates two main groups, the EU 
recommended list and the UK national list groups (Wingen et al., 2014). 

In parallel with these early breeding cultivars in Europe, wheat breeding experienced a substantial 
change between the 1960-1970s just after a series of new methods for breeding took place with 
the shuttle breeding implemented at CIMMYT (Spanish acronym for International Centre for 

Wheat and Maize Improvement) by Norman Borlaug. This was the “Green Revolution” period 
when a consecutive set of semi-dwarf wheat varieties were released in Mexico and in the US. First, 
a variety named Gaines was released in Washington State US by O.A. Vogel and colleagues in 1961. 
Pitic 62 and Penjamo 62 were released in CIMMYT Mexico in 1962. Sonora 64, Lerma Rojo 64, 

Super X, and Siete Cerros in 1964. All of these contained one or two genes conferring the dwarfism 
trait from the Japanese winter variety Norin 10. 

The advantage of these new varieties was a 100% increase on yield over previous varieties 

positively impacting on food production (Borlaug, 1983). The physiological benefit of these 
genotypes was an increase in tiller number, high grain-filled spikes, and short stems, providing 
lodging resistance. This “new” plant architecture had a direct impact on the “harvest index”, a 

transformation and allocation of dry matter into the grain, which was facilitated by the assimilation 
and transformation of the high nitrogen and other fertilizations schemes recently introduced in 
those periods. Immediately after the release of those early short stem varieties, several wheat 
breeding programs worldwide introgressed these alleles into their germplasm. At that time Norin 

10 was the only source of the dwarf genes which would bring a novel problem of genetic diversity 
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bottleneck since several other genome regions would be fixed reducing the number of alleles in 
the region if some genes were linked to the dwarfism genes. 

In this context of genetic diversity, breeding for high yield cultivars and fixing favourable alleles 
has impacted on the genetic diversity of wheat as demonstrated with the use of dwarf genes 
across different breeding programs. Although this trend of plant improvement is similar to other 
crops, quantifying the breeding impact on genetic diversity may differ depending on the breeding 

program, geographic region, and the method employed to evaluate the diversity. For example, 
cultivars released from 1800 to 2000 in Europe, were documented to have less genetic diversity 
compared to landraces when using 609 microsatellites markers (Roussel et al., 2004). Considering 

both types of germplasm the average number of alleles per locus was 14.5. Comparing landraces 
vs cultivars, the effect was 25% fewer alleles in cultivars compared to landraces. This decrease on 
genetic diversity was remarkable in varieties released in the 1960s (Roussel et al., 2004). 

Contemplating a relatively wide geographically collection of cultivars from Europe released from 
1840 to 2000, Roussel et al., (Roussel et al., 2005) found an average of 16.4 alleles per locus. This 
number of alleles was stable until 1960 followed by a decrease in allele number when including 
varieties released in the 2000s. Controversial results in other programs indicate that breeding has 

impacted negatively on genetic diversity at specific periods of time followed by a subsequent 
period of restoration by an increase on diversity  (Reif et al., 2005). A possible explanation may be 
due to the reintroduction and use of wild relatives or landraces in recent breeding programs to 

select for disease resistance in elite cultivars. 

In summary, most of the early and modern breeding cultivars can be tracked back from landrace 
accessions. These early cultivars were subsequently improved further during the Green Revolution 
with the extensive use of semi-dwarfing alleles which further impacted on the genetic diversity of 

modern cultivars. Most modern cultivars are the result of inter-crossing mainly among elite 
cultivars. However, with advances in genomics resources which facilitates genome 
characterization and selection, modern global breeding programs are in constant use of landraces 

and alien introgressions from wild relatives to select resistant genes and increase genetic diversity. 

 

1.1.5. The WatSeq initiative 

The WatSeq stands for the Watkins Sequencing, a project initiative originated between the John 
Innes Centre, UK led by Dr. Simon Griffiths and the Agricultural Genomics Institute at Shenzhen 
(AGIS) in China led by Shifeng Sheng in an effort to sequence the entire Watkins landrace 
collection. The objective was to explore the genetic diversity of the collection and link genotypes 
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with field phenotypes to exploit and facilitate their use by the wheat community and breeders. 
The sequenced accessions include 827 landraces from the collection described in section 1.1.3 

including the Watkins stabilized group, which is a highly homozygous group. It also includes 218 
modern cultivars from the GediFlux collection as described in 1.1.4. 

The entire collection has been phenotyped for several agronomically important traits including 
yield, nutritional value, and disease resistance related traits. Phenotypes of the collection has been 

collected over >10 years by different research groups across collaborative institutions globally. 
Seeds of the collection have been distributed across several other institutions worldwide to be 
characterized for specialized traits including nutritional value of the grain, root morphology, biotic 

and abiotic stresses, and disease related. Importantly, the phenotypic information collected by JIC 
is publicly available and it is maintained in the website 
https://wisplandracepillar.jic.ac.uk/results_resources.htm as part of the BBSRC Designing Future 

Wheat (DFW) initiative. Users can access to this information for the trait of interest and request 
the germplasm freely available. Importantly, after publication of the main manuscript of the 
WatSeq, the WGS information will also be publicly available for the wheat community expanding 
the genome information repertoire for wheat genomics. This provides an invaluable phenotypic 

and germplasm information with additional sequencing material for further characterization and 
exploration of the collection. 

In previous studies a series of genotyping analysis of the entire or partial collection were done 

using SNPs arrays, exome capture, or microsatellites. However, the WatSeq initiative is the first 
project that involves the complete collection sequencing the whole genome at 12-fold coverage. 
The objective of the project was to create a whole genome haplotype map including a highly 
diverse collection of landraces and important modern cultivars. The target sequence coverage was 

stablished to be of 12-fold short reads (150 bp) using the DNBSEQ technology. The main approach 
of the project was to follow the routine variant calling pipeline using a genome reference (Chinese 
Spring reference) followed by variant calling to define haplotypes. 

Alongside this haplotype map by conventional methods, the research objective of this thesis is to 
develop an alternative method identify longe-range haplotypes which will be described step by 
step in the following chapters. Both methods are importantly complementary identifying unique 

and overlapping results and advantages and disadvantages that will be discussed across this thesis. 
Using phenotypes collected by different collaborative groups, genotype-phenotype associations 
have been identified with both methods, the routine variant calling and our method using GWAS 
associations studies. Result of this analysis will be discussed in Chapter 3. 

 

https://wisplandracepillar.jic.ac.uk/results_resources.htm


 19 

1.2. Sequencing and genotyping technologies 

1.2.1. Sequencing technologies 

Sequencing technologies have evolved considerably in the last two decades (van Dijk et al., 2018). 
As a result, many tools have been developed to exploit genomic information for crop 
improvement. SNP arrays, Genotyping by Sequencing (GBS), targeted capture probes, and Whole 
Genome Sequencing (WGS) are common examples (e.g., Sansaloni et al., 2020; Mascher et al., 

2021). Novel chemistry methods for sequencing have been developed impacting positively on 
sequencing costs thanks to the novelty in chemistry reactions, equipment scale, computer power, 
and commercial competitions among emerging sequencing companies. For example, after the 

SANGER sequencing technology, Illumina, a second-generation platform for sequencing short 
reads (~150 to 250 bp), predominated the market with its high throughput, low cost, and high 
accuracy sequencing approach compared to other platforms. Analogously, recently, the Beijing 

Genomics Institute (BGI) developed a chemistry termed DNA nanoball sequencing (DNBSeq) which 
has a very high throughput for short reads. The drawback or commercial strategy of this 
technology is that it is only accessible through BGI labs limiting its extended use by users 
worldwide. 

In the market of long reads sequencing, PacBio and Oxford Nanopore have led the market. While 
Nanopore technology offers much longer sequencing reads (>1 Mbp) than its competitors, it has 
the disadvantage of having high error rate base calls and lower throughput. Similarly, PacBio offers 

long reads sequencing and offers higher accuracy than its competitor Nanopore. PacBio recently 
developed the high-fidelity consensus sequencing technology (HiFi), a breakthrough that has 
gained popularity in genomics by offering long reads (~10 kb) at very high accuracy (99.9%). As a 
result, HiFi sequencing is becoming the gold standard particularly for genome assemblies. 

Furthermore, to increase the long reads sequencing throughput, in 2023 PacBio deployed the 
Revio system which can generate large amounts of data per unit of time (Baker, 2010; Mardis, 
2017; Shendure et al., 2017; van Heyningen, 2019). Across this thesis we employed sequencing 

data mainly from short read sequencing from BGI (DNBSeq) and Illumina, but we benchmarked 
results with PacBio long reads HiFi data. 

At the time of writing this thesis the progress on sequencing technologies advances considerably 

and it is possible that our method developed in this research would need to be updated or become 
obsolete since sequencing and genome assembly would be the routine standard in genomics. 
Alternatively, it could be that the sequencing of short reads, in which this project is mainly based, 
will be more affordable in costs and sequencing at 12-fold for other wheat collections will be 

added to our database increasing the power of our approach to differentiate genome regions 
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among thousands of individuals from worldwide collections including other crops species or wheat 
wild relatives. 

 

1.2.2. SNPs, KASP, and MAS 

SNPs arrays, initially designed from expressed sequenced tags (ESTs) and complementary DNA 
(cDNA) are routinely used in some breeding programs for marker assisted selection (MAS) or 

genome selection (GS). Initial SNPs arrays called variations within the gene coding/UTR regions 
(Allen et al., 2017; Sun et al., 2020; Wang et al., 2014) and were restricted to variants present in 
the discovery panel, which used to be a reduced representation of individuals of a crop or species. 

More recent SNPs arrays have incorporated genome information outside gene regions from WGS 
data and integrate genomic information from larger collections including wild relatives and 
landraces for different crops (Sun et al., 2020; Winfield et al., 2016). Using these novel SNPs arrays, 

breeders and geneticists are able to precisely conduct genetic analysis including population 
structure analysis and phylogenetic studies for evolution or detect introgressions in modern 
cultivars. The disadvantage, however, is that still the variations queried are restricted to the SNPs 
included in the panel array and novel alleles are missed. 

An alternative approach to identify novel variants not present in SNP panel arrays at relatively low 
costs is Genotyping By Sequencing (GBS), which is a particularly useful approach for complex 
genomes by sequencing a reduced representation of the complete genome (Elshire et al., 2011). 

The sequencing data, however, is bias towards certain regions in the genome, and does not always 
capture consistent regions among different samples which complicates their analysis as some real 
information is cleaned-off during pre-step filter analysis (Lachance & Tishkoff, 2013). Some of 
these limitations can partially be addressed using different methods of imputation or by combining 

with other genomic data like the SNPs arrays (Negro et al., 2019). This approach can significantly 
reduce the genotyping cost and may be affordable for some large-scale breeding programs that 
need to genotype thousands of samples reducing the cost per sample at large scale. Small to 

medium genotyping projects breeding programs, however, may not be able to afford these 
genotyping methods in hundreds of samples yet. 

The Kompetitive Allele-Specific PCR (KASP) genotyping method developed by LGC genomics is an 

approach that relies on SNP variations flexible to genotype a single, a few SNPs, or thousands of 
variants at low cost. The versatility of this genotyping method is employed by small projects and 
breeding programs and can be fine-tuned by selecting customized SNPs by the user. This is 
beneficial when a breeder desires to incorporate a few SNPs associated to major QTLs detected in 



 21 

their germplasm into the KASP panel for MAS or GS. Furthermore, the method is flexible enough 
that if a new QTL or gene is cloned, a new KASP assay can be quickly designed and incorporated 

into the panel. The flexibility of this approach has generated that several previous SSR markers be 
transformed into KASP markers and are routinely used across multiple breeding programs. 
Additionally, KASP markers can be easily set it up to run into low throughput labs with basic lab 
equipment similar to the facilities used for SSRs markers. The difference is that KASP markers are 

straightforward to use and can differentiate between a single SNP and easily genotype hundreds 
of samples depending on the lab capacity. A minor disadvantage, however, is that this technology 
is based mainly on SNPs, which are bi-allelic. A partial solution is that users can design two or more 

KASP markers in a region inherited together and call multi allelic haplotypes by the combination 
of two or more SNPs. 

 

1.2.3. Targeting sequencing (capture probes) 

Analogous to GBS, captured-based sequencing (exome-promoter capture followed by sequencing) 
is a genome reduction and sequencing approach that target regions of a genome allowing costs 
optimization. It is an alternative for genetic variations discovery and enables sequencing of large 

number of samples at high coverage. The advantage over GBS is its consistency to often capture 
similar genome regions across multiple genotypes (Gardiner et al., 2019; F. He et al., 2019; 
Krasileva et al., 2017). First-generation capture probes were designed based on ESTs/cDNA and 

did not capture non-coding sequences, which are known to be important for agronomic traits (Cao 
et al., 2021; Chen et al., 2020). More recent probes design integrates outside regions such as 
promoter sequences (Gardiner et al., 2019; Hammond-Kosack et al., 2021; Zhang et al.). The 
difficulty of this approach is that it requires previous steps for capture probe design which can be 

more expensive and laborious than GBS or SNPs arrays. Additionally, if a new genome reference 
annotation integrates further gene information absent in the capture panel, this would require to 
be updated each time. Finally, capture probes overlook large portion of the genome and the 

genetic variants called are bias towards genome references used in their design. Recent advances 
in pangenome projects of several crops have demonstrated that multiple individuals of a species 
are required to capture a comprehensive genome information from the species core genes (Bayer 

et al., 2020; Ebler et al., 2022). Therefore, further capture probes design will be required to be 
considered using a pangenome reference instead of individual references. 

Although the genotypes methods here briefly described are powerful tools in the routine 
genotyping projects when screening hundreds to thousands of breeding samples, they do not 

capture the complete genome information to de novo investigate large structural variations or 
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large haplotypes and are bias toward genome regions and genome references. Therefore, to gain 
a compressive understanding of the genome information of a species, whole genome sequencing 

would be required (Ahmed et al., 2023; Gaurav et al., 2022). As sequencing costs decrease with 
the progress on novel technologies, full genome re-sequencing projects are becoming an 
additional alternative for genotyping large germplasm collections in several important crops 
including wheat. 

 

1.2.4. Whole Genome Sequencing (WGS) 

WGS is a method where the full genome of a sample is sequenced at a specific coverage depth 

and reads length. Initial WGS projects were restricted mostly for genome assemblies, and they 
were expensive for large collections of genotypes (Jiao & Schneeberger, 2017; Sohn & Nam, 2016). 
Whit the progress on NGS technology WGS for genotyping was initially possible for some model 

crops (Cao et al., 2011) with relatively small genome species (Bukowski et al., 2017; Yano et al., 
2016). Applying WGS to large genome crops such as the hexaploid wheat or to thousands of 
samples, was still expensive ten years ago. In recent years, the number of WGS projects have 
increased tremendously as a result of technological developments on sequencing platforms, 

progress on computational power, and novel algorithms and software to efficiently analyse large 
datasets (Hu et al., 2021; Wenger et al., 2019). 

WGS for genotyping projects commonly uses lower coverage than genome-capture sequencing 

methods (~5 - 15x) and have been on demand for many crops (Alonge et al., 2020; Bayer et al., 
2020; Lozano et al., 2021; Wei et al., 2021). This coverage, however, is still expensive for large 
genome crops such as wheat. To leverage full genome information, some projects have employed 
WGS at shallow coverage at <1x for costs optimization in sequencing capturing the whole genome 

information when combined with variants imputation (Adhikari et al., 2022; Franco et al., 2020). 
This approach can alleviate to capture whole genome information, but it is still expensive to 
applying WGS to thousands of samples in large populations in routine breeding programs. If the 

progress on NGS and computational developments progress at similar rates as in recent years, 
WGS might be the routine method to employ in the near future since it does not require extra 
steps and it is straightforward to adapt to common variant calling pipelines. It is also possible that 

WGS in a routine basis will allow for further de novo genome assemblies in multiple samples using 
recent advances in long read sequencing platforms (Wenger et al., 2019). 
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1.2.5. Whole Genome Assemblies 

In the last ten-years, genome assemblies have become common for many organisms including 

orphan crops, something that was unthinkable 20 year ago. Breakthroughs in sequencing 
technologies and chemistry in the last five years has brought genome assemblies even further to 
the level where is its common to generate genome assemblies in a relatively short period of time 
and for multiple samples of the same specie (pangenomes). These capabilities bring novel 

opportunities for easily and cheaply generate chromosome-scale assemblies allowing to answer 
novel questions in genome structure and to have a broad genome reference representation of an 
organism. In this context, examples in cereals are the pangenome assemblies of 15 hexaploid 

wheat genomes (Walkowiak et al., 2020), 20 barley cultivars (Jayakodi et al., 2020), and 26 Maize 
elite lines (Hufford et al., 2021). More recently, as discussed in section 1.2.1, long read sequencing 
HiFi with high accuracy has allowed to deploy even further genome assemblies a lower cost and 

time (Amarasinghe et al., 2020; Cheng et al., 2021) than short reads. It is predicted that in the 
coming years there will be a surge in the number of assemblies generated for genotypes of 
multiple species (Rhie et al., 2021) and including large genomes such as wheat. 

These new capabilities, however, brings novel challenges on data manipulation or comparisons 

among different studies. For example, it was a routine approach to compare genetic variants using 
a common single genome reference across different projects. Now with multiple references, users 
can run genome alignments against multiple references for comparison (Armstrong et al., 2020), 

or to select a single reference that would suit for their analysis. Although this may not be a big 
problem in small-genome reference species, running alignments for hundreds or thousands of 
samples to multiple references, individually, using current aligners algorithms for large genome 
references (e.g., 16 GB genome in hexaploid wheat), represents a challenge for computing 

resources and time. Additionally, to take advantage of multiple genomes assemblies information, 
users will need to align to each of the references or identify variations using a genome reference 
that represents better their genotypes since most genome aligners use a single reference.  

Alternative ways to analyse the growing number of public sequence databases such as the 
constant addition of genome assemblies, is the use of novel algorithms employing multiple 
references to directly identify variations in a genome of the size of wheat. Proposals to approach 

this challenge are to call variants from a unified genome graph, which condenses pangenome 
information from multiple genome individuals in a graph-based genome (Bradbury et al., 2022; Liu 
et al., 2023; Wang et al., 2022). Depending on the project objective, is also possible to directly 
compare genome assembly vs genome assembly in a pairwise manner (Brinton et al., 2020), but 

this is more expensive and represent bias towards the quality of the assemblies since some 
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information may be lost during assembly steps. An alternative method to detect genetic variations 
with or without genome references among individuals is the use of k-mers, a sub-sequence of a 

sequence of the n size in bp (Gaurav et al., 2022; Voichek & Weigel, 2020). 

 

1.2.6. k-mer methods 

Routinely, genetic variants are identified after sequence alignment of raw reads to a genome 

reference. However, variant calling by aligning to a single reference can be problematic for many 
reasons; (i) when a genome reference is large, polyploid, repetitive, or incomplete, important 
regions can be missed, (ii) highly divergent individuals to the reference can produce poor 

alignments, (iii) accurate variant calling requires sequencing depth ~>5x to distinguish between 
sequencing errors and real variants, and finally (iv), large structural variants (SV) are difficult to 
detect, particularly with short sequencing reads (Saxena et al., 2014). 

Alternatively, variants between two genotypes can be detected by reference-free alignment 
methods. For example, a direct raw reads sequence comparison has been developed to identify 
genetic variations that can detect SV based on sequence breakpoint patterns between samples 
(Shimmura et al., 2020).  A second strategy is the use of k-mers (Zielezinski et al., 2019). k-mers 

are sub-sequences of a sequence of k length. k-mers can be represented as a presence/absence 
or numerically to identify natural genetic variants or mutations for association mapping. For 
example, the NIKS (needle in the k-stack) algorithm compares WGS k-mers between mutated and 

non-mutated bulked samples to identify variants (Nordström et al., 2013). Kestrel, quantifies the 
k-mer distribution to characterize highly polymorphic regions and structural variations (Audano et 
al., 2017). HAWK; hitting associations with k-mers (Rahman et al., 2018) and AgRenSeq; 
association genetics (Arora et al., 2019) conduct GWAS analysis by presence-absence of k-mers 

followed by mapping or local assembly of the associated k-mers to identify functional sequence 
regions. LNISKS (longer needle in a scanter k-stack) developed based on NIKS (Suchecki et al., 
2019) was implemented to identify EMS mutants in the wheat genome. And finally, GWAS using 

k-mers from WGS data for large genomes have been implemented (Gaurav et al., 2022; Voichek 
& Weigel, 2020). One of the limitations of working with k-mers, WGS, and large genomes, is 
computational burden, but improvements in this area has been one of the main focus of 

researchers (Denti et al., 2019; Mehrab et al., 2021; Pajuste et al., 2017; Standage et al., 2019). 

Regardless of the genotyping approach, in many cases, the goal of variants calling and genotyping, 
is to associate genotype with phenotypes, understand genome dynamics of an organisms, or 
genome population studies. In recent years genotype-phenotype association studies are common 
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using haplotypes instead of individual SNPs. To our knowledge, at the time of writing this thesis 
there is not a method to define whole genome haplotypes using k-mers. 

 

1.3. Haplotype-based selection for breeding 

1.3.1. Defining Haplotypes 

The use of SNP markers is the most common genotyping approach coupled with phenotypic 

information for QTL detection, GWAS, or GS (Sansaloni et al., 2020). Regardless of the genotyping 
technology, most of the current methods employ individual SNP markers for genotype-phenotype 
associations studies. One disadvantage is that individual SNP markers are bi-allelic but having 

thousands of SNPs allows to combine two or more into a haplotype. A haplotype is defined as two 
or more genetic polymorphisms clustered as a locus under linkage disequilibrium (LD) inherited 
together with limited chances of recombination (Patil et al., 2001). A haplotype can be set 

arbitrarily allocating all the SNPs that present within a defined fixed genome region, sliding 
window, (Guo et al., 2009), number of continuous SNPs, or based on LD (Gabriel et al., 2002; Kim 
et al., 2018; Pook et al., 2019).  

Depending on the method employed to build haplotypes some advantages or disadvantages might 

be encountered. The most common approach is the use of LD after SNP calls. This method is 
reasonable straightforward and can handle large number of genotypes in small to medium size 
genomes or with low density SNP arrays. It represents a challenge however, for large genomes, 

dense SNPs markers, and large number of genotypes in a population (Bhat et al., 2021). A 
disadvantage if the genotyping information is not uniform across the genome can result in 
misclassified and extended haplotypes. For example, haplotypes in the D wheat sub genome based 
on SNPs usually detect longer haplotype blocks than in chromosome A and B (Brinton et al., 2020). 

Similarly, haplotypes in centromere regions tend to be larger than in telomere regions (Balfourier 
et al., 2019). Although, these haplotypes reflect the real low recombination rates and real 
haplotype blocks, the lack of SNPs representing centromere regions in SNPs arrays or in capture 

probes designed based on gene content, have an impact on the size and number of haplotypes 
identified (Brinton et al., 2020). 

A second method commonly used is the arbitrarily fixed genome window size. In this case a specific 

range size in bp is defined and the number of markers within the window are counted as a 
haplotype (Brinton et al., 2020; Huang et al., 2007). Using this approach uniform haplotypes are 
defined across the genome including centromere regions. This approach is straightforward for 
computing load and feasible for large genome and high number of samples. The difficulty, 
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however, is that additional work for window size optimization needs to be validated in previous 
steps. Additionally, using this approach real haplotypes can be split resulting in the loss of 

resolution in haplotype-phenotype associations analysis, particularly in telomere regions where 
haplotypes are often shorter than in centromere regions caused by high recombination rates. A 
partial solution for the former at the expenses of time and computer resources, is the use of sliding 
window sizes (Bhat et al., 2021; Huang et al., 2007). 

A similar approach to the arbitrarily defined window size, is the arbitrary use continuous number 
of SNPs. This approach can be more straight forward to implement but like the LD approach, can 
result in large haplotype blocks if not uniform SNP information is captured across the genome. 

Similar to the defined window size approach, counting a defined number of SNPs for haplotypes 
can result in the split of real haplotypes on telomere regions (Meuwissen et al., 2014). 

Novel methods to define haplotypes have been developed with advances in technological 

improvements at genome-wide scale (Cheng et al., 2021; Garg et al., 2021; Sinha et al., 2020), and 
with RNA-seq data (Berger et al., 2020). Recent methods employing multiple references or 
multiple genotypes as “reference graphs” to define haplotypes from consensus genomes instead 
of individual assemblies have been developed (Rakocevic et al., 2019; Shang et al., 2022).  This has 

been possible with the release of multiple genome assemblies in many important crops (Bayer et 
al., 2020). 

Despite its size (~16 Gb), wheat has not been the exception, and in 2020 the wheat pangenome 

project made it possible to develop whole genome haplotypes from 15 important cultivars 
(Brinton et al., 2020; Walkowiak et al., 2020). Haplotypes were defined by using whole genome 
assemblies and pairwise alignments among cultivars. To define haplotypes a set of parameters 
were adjusted including the window size and multiple pre-filtering steps. The median sequence 

identity above 99.99% in a 5 Mbp window based on genome alignments was considered as 
identical-by-state (IBS) region or haplotype between two cultivars. This stringency was flexible 
enough to account for single nucleotides gaps (Ns’) and sequence errors in the assemblies. Near-

IBS regions were detected as having sequence similarity of ~99.95% (1 SNP in 10 Kbp) while 
sequence similarity < 99.5 % were predicted to be introgressions from wild or close wheat 
relatives. 

An important discovery of the Brinton et al., 2020 study found that gene based genomic 
information was not sufficient to differentiate between IBS and near-IBS regions among cultivars. 
Adding flanking (2 Kbp flanking sequence) regions information to the coding sequences (CDS) 
improved the detection of real haplotypes. Using 5 Mbp window size the median haplotype size 

for those 15 wheat cultivars was 9.34 Mbp and 196 genes per block. Haplotypes were 15.43 Mbp 
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on average in centromere regions and these extended blocks contained hundreds of genes. This 
information is of important for breeding since centromeres usually may remain fixed in breeding 

populations due to low recombination in these regions. 

Analysis of this multi-reference project revealed that worldwide wheat cultivars share >60% of 
their genomes with at least one of the pangenome genotypes (Brinton et al., 2020). In the same 
study, large “haploblocks” stretching thousands of bp between pairwise comparison were 

detected in genotypes that were both related and not directly related by pedigree (Fig. 1.2) 
reflecting the limited genetic diversity exploited in modern global germplasm for breeding. 
Furthermore, Brinton et al., 2020., in a case study, demonstrated that haplotype informed analysis 

identified novel haplotypes which were unable to be detected from previous SNPs arrays and 
capture-probes approaches. A set of novel haplotypes present exclusively in the Watkins landrace 
collection evidenced the importance of including outside gene information and haplotypes instead 

of individual SNPs for breeding information. This is of importance since usually genotype-
phenotype associations are commonly carried out using individual SNPs. However, as mentioned 
before, in recent years there is a recent interest to develop haplotype-based associations in 
genomics studies instead of individual SNPs (Bevan et al., 2017; Bhat et al., 2021; Brinton et al., 

2020; Jordan et al., 2021; Mayer et al., 2020). 
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Fig. 1. 2. From Brinton et al., 2020. Haplotypes across the “highly conserved” region of chromosome 6A. 

“a Physical position of productivity-related QTL (rectangles) and GWAS hits (triangles) mapped to the highly conserved 
region on chromosome 6A (see “Methods”). *; grain-size mapping interval based on UK cultivars Spark and Rialto. b 
Diagrammatic representation of all haplotype blocks on chromosome 6A in the 15 sequenced cultivars (based on 5-
Mbp bin haplotypes; scaled to the longest chromosome 6A). Regions with the same colour at the same position share 
common haplotypes (except for white regions which are not contained within haplotype blocks). Vertical grey line 
indicates the position of TaGW2-A (237 Mbp). Labels H1–H7 indicate haplotype groups based on the minimum 
haplotype block (beige bar; 187–445 Mbp)”. 

1.3.2. Genotype-phenotype associations by haplotypes 

Linking genomes with phenotypes is one of the main objectives in genome studies. Followed by 
variant calling, a common step is to associate genotypes with phenotypes and in some cases 

determine alleles functions. This can be achieved by QTL mapping, GS, GWAS, or Isogenic Lines 
(IL) with natural or induced variations (Adamski et al., 2020; Aglawe et al., 2021; Arora et al., 2019). 
A constrain in genotype-phenotype associations analysis is that molecular markers rarely are the 

causative of a phenotypic change or explain low phenotypic variation of the trait under study. 
Instead, those markers are in LD in proximity with the functional variant. The low marker-
phenotype effect can be attributed to the low LD between the causal polymorphism and the SNP 
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used in the genetic analysis, epistatic interactions, multiple genes with minor effect, or 
environmental interactions (Bevan et al., 2017; N’Diaye et al., 2018; Sallam et al., 2020). Therefore, 

a single SNP often do not capture the complete phenotypic effect (Kearsey & Farquhar, 1998; 
Kumar et al., 2017). On the contrary, haplotypes combine multiple variants in a genome region 
which can help to capture the causal polymorphism as multiple SNP combinations in a locus can 
be tested for phenotype associations. This can result in greater trait variation effect explained by 

haplotypes compared to the single marker approach (Bevan et al., 2017; N’Diaye et al., 2018; 
Sallam et al., 2020). 

An additional advantage of haplotypes over individual SNPs is on MAS in breeding programs. For 

example, a single marker during MAS can be no longer informative if a breeder incorporates new 
germplasm having a SNP in the same locus position of a trait informative marker but this novel 
SNP source is not associated with the beneficial allele effect. On the contrary, a combination of 

two or more SNPs into a haplotype have a better probability to capture the true beneficial allele 
since multiple combinations of SNPs are less likely to occur by chance in new germplasm sources 
not associated with the beneficial allele (Hasan et al., 2021). Similarly, using haplotype would help 
to capture epistatic interactions between loci resulting in better genome trait association 

predictions in GS (Bevan et al., 2017; Meuwissen et al., 2014; Sehgal et al., 2020; Voss-Fels et al., 
2019). 

 

1.4. Wheat introgressions and haplotypes phenotypic value  

Wild wheat relatives are invaluable reservoirs of genetic diversity for agronomically important 
traits, particularly for disease resistant genes (Leigh et al., 2022). Genetic material from more than 
fifty species have been successfully introgressed into wheat and several wild wheat relatives 

hybridize well with tetraploid and hexaploid genomes (Wulff & Moscou, 2014). Tetraploid wheat 
is considered as the primary gene pool for hexaploid wheat since crosses between these two 
species are easily carried out. On the other hand, secondary and tertiary gene pools infrequently 

hybridize naturally with modern hexaploidy wheat and are more commonly used by breeders and 
geneticist to transfer genetic diversity into cultivated elite varieties by specialized methods (Hao 
et al., 2020). Despite these barriers rare hybridizations between tertiary gene pools and hexaploid 

wheat naturally exist and contribute to its genetic diversity. 

Historically, wild wheat relatives have been used in different breeding programs worldwide since 
the 1900’s (Doussinault et al., 1983) to introduce genetic diversity. With the advent of novel 
genome technologies, the use of these wild relatives can be employed more efficiently by tracking 
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introgression into chromosome physical regions in the wheat genome precisely. As a result, there 
is an increase interest to exploit and integrate novel genetic diversity from introgressions  and 

large collections of novel synthetic wheats between wild relatives and modern wheats across 
breeding programs (Devi et al., 2019). 

Large number of hexaploid wheats have been shown to harbour introgressions from tetraploid 
wheats (Przewieslik-Allen et al., 2021) particularly T. timopheevii and Ae. ventricosa. It has been 

hypothesized that the tetraploid wheat T. timopheevii (AAGG) was originated from a second 
independent hybridization event from the same progenitors of T. turgidum and T. aestivum, T. 
urartu (AA) and Ae. speltoides (Feldman, 1966). Cytological and genomic studies have 

demonstrated that the A genome of T. timopheevii recombines more frequently with the wheat A 
subgenome than the G genome with the B subgenome (King et al., 2022). Therefore, the gene 
pool of T. timopheevii has served as a donor for several agronomically important traits into wheat 

such as disease resistance. As a result, hybrids between T. timopheevii and T. aestivum are 
frequently used to introgress novel genetic variation via homoeologous recombination but natural 
hybridizations also occur (Brown-Guedira et al., 2003; Chemayek et al., 2017; Järve et al., 2000). 

A second important and frequently wild relative used in wide crosses against wheat is the 

tetraploid Ae. ventricosa (2n = 4x = 28, NNDD). Early breeding programs have employed Ae. 
ventricosa to introduce segments into wheat cultivars to exploit mainly disease resistant traits. An 
example is the famous cultivar named VPM1 (Doussinault et al., 1983). A widely exploited 

introgression from this cultivar, is the 2AS/2NvS translocation on chr2A of wheat involved in 
several disease resistant and yield related traits (Xue et al., 2018). A second example from Ae. 
ventricosa is the α-amylase gene introgressed into chr7D conferring resistance to eyespot 
(Oculimacula acuformis and O. yallundae) (Gale et al., 1984). These introgressions have been 

widely exploited in modern breeding and it is hypothesized to be present in several other 
important cultivars worldwide still not documented (Cruz et al., 2016; Przewieslik-Allen et al., 
2021) and probably involved in other agronomically important traits (D. Singh et al., 2019). 

In Chapter 4 of this thesis, we extended the analysis of the contribution into the wheat genome 
of these two important wild wheat relative species and demonstrated that there are still hidden 
introgressions present in several important modern cultivars and germplasm bank collections 

unexploited. 
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1.5. General Aim 

The main objective of this project was to define haplotypes to build a haplotype database of wheat 

to elucidate the diversity between cultivars and landraces. We focused on 1) developing a method 
to build a haplotype database, 2) explore the diversity between landraces, early cultivars (1900’s) 
and modern varieties (after 2000’s), and 3) detect genome-wide wild wheat 
introgressions/hybridizations and their impact on shaping the genomes of landraces and modern 

cultivars. We hope that the resources here generated will contribute to the wheat community for 
a more targeted and genome-based breeding approach. 
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2. Alignment and k-mer methods to identify variations. 

In this chapter we describe our bioinformatic approach named Identity by State in python (IBSpy). 
We thank Dr. Kumar Gaurav for his contribution on how to employ k-mers to detect variations in 

genome assembly comparisons. Initial scrips of IBSpy were done based on this method following 
his algorithm to capture variations between genome assemblies. We also thank Dr. Brande Wulff 
for his contribution and feedback on initial results during early stages of IBSpy participating as 
thesis second supervisor. 

After adjusting different parameters of the pilot scripts, the final version of IBSpy was written by 
Dr. Ricardo Ramirez-Gonzales and was uploaded in the public repository of the Uauy Lab with 
additional scores: “observed_kmers” and “kmer_distance”. Contributors of IBSpy are Luca 

Venturini and Luis Yanes as described in  https://github.com/Uauy-Lab/IBSpy. Cong Feng from 
Shifeng Cheng’s group wrote the IBScpp version in the C++ language. https://github.com/Uauy-
Lab/IBSpy/tree/main/IBScpp. We thank Dr. Simon Griffiths and Shifeng Cheng for providing us 

early access to the WatSeq dataset raw sequences. This data was pivotal for the pilot tests to 
validate IBSpy at a large-scale using genotypes with different levels of relatedness apart of the 
publicly available pangenome cultivars. The main manuscript entitled “Harnessing Landrace 

Diversity Empowers Wheat Breeding for Climate Resilience” for the WatSeq data has been 

submitted for publication (Cheng et al., under revision). A portal for this public dataset for further 
exploration is on https://wwwg2b.com/. 

Analysis to translate the percentage of sequence identity from whole genome assembly 

alignments to IBSpy variations for the B and D sub genome was analysed by Dr. Xiaoming Wang 
during his scientific visit to the Uauy’s Lab in 2022-2023. 

 
2.1. Chapter summary 

IBSpy is a method to directly detect whole genome variations between a genome reference and 

raw reads from a query sample using k-mers. We demonstrate that this approach benchmarks 
well against previously established methods using whole genome alignments of eleven genome 
assemblies of the wheat pangenome. Using IBSpy, we detected regions which are identical by state 
(>99.99% similarity based on sequence alignment) as having approximately <10 IBSpy variations 

in consecutive 50 Kbp windows. We validated our method to combine different sequencing 
platform, scaffolds, or genome level assemblies, using raw reads of >150 bp length. The optimal 
k-mer size was defined to range between k=25-mer to k=51-mer, and we decided to use k=31-mer 

to leverage the already available k-mer databases and to account for computational load. We 

https://github.com/Uauy-Lab/IBSpy
https://github.com/Uauy-Lab/IBSpy/tree/main/IBScpp
https://github.com/Uauy-Lab/IBSpy/tree/main/IBScpp
https://wwwg2b.com/
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established an optimal sequencing coverage of raw data to be ~12-fold for 150-bp reads in wheat 
when using 31-mers and when removing unique k-mers. Above this coverage, minor 

improvements are obtained, however, if enough coverage is provided, our method can detect 
variations at the same resolution as with full genome assemblies and detect genome 
misassemblies. We demonstrated that with long read sequencing, less coverage is needed as seen 
in genome assembly methods. IBSpy condenses multiple types of sequences and structural 

variations into a single type allowing them to be integrated in downstream analyses. We 
acknowledge that our approach does not discriminates a few or a single SNP in 50 Kbp windows 
and we provide key points for further improvements in resolution. The overlooking of these few 

SNPs in a window can be used as a feature to detect long-range haplotypes and fine tune variations 
among samples sharing the long-range haplotypes having different phenotypes to narrow down 
causal variations within a haplotype (we provide a case study in Chapter 3). 

 

2.2. Introduction 

2.2.1. Alignment methods and variant calling 

In the past five years, chromosome-scale genome assemblies of multiple representative 

accessions of important crops have been made available (Hufford et al., 2021; Jayakodi et al., 
2020; Walkowiak et al., 2020). Studies on whole genome sequencing (WGS) from collections (i.e., 
not assembled) with multiple accessions in different crops and wild relatives are also becoming 

increasingly common (Gaurav et al., 2022; W. Wang et al., 2018; Zhou et al., 2015). These 
collections include species with complex genomes such as wheat (T. aestivum), its wild relatives, 
and other complex crop genomes (Peng et al., 2022; Zhao et al., 2022; Zhou et al., 2020). 
Generating this volume of data, it is having great impact in genomic analyses and genetic studies 

in different areas, however, the amount of data and how to analyse it represent new challenges 
for computing resources and software development.  

Having high quality chromosome-level assemblies is of importance particularly for allopolyploid 

species such as wheat, which has the ABD subgenomes sharing ~98% of sequence similarity among 
them within the coding sequence (Ramírez-González et al., 2018). High quality assemblies can 
alleviate some of the pitfalls of alignments methods to call variations in these repetitive and 

complex genomes. However, the main limitations to detect variations using alignment-based 
calling are: 1) many genome regions can be missed if the genome reference is not representative 
of the species, 2) if the genotype being tested diverged from the reference genome it can lead to 
poor alignments, 3) structural variations (insertion and deletions (InDels), copy number variation, 
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and genome inversions) are commonly not identified with the alignment based methods, and 4) 
aligning reads against a genome reference to identify variations is computing demanding for large 

and complex genomes such as the hexaploid wheat (16 Gb). 

In the multiple genome-reference era, researchers can now decide to select a specific genome 
assembly to use as a reference, or to align reads against multiple references. However, aligning 
samples to multiple references can be challenging in species with large genomes such as wheat. 

Furthermore, comparisons and reproducibility among multiple studies will become complicated 
as researchers will need to align to different references. To face these challenges, novel methods 
have been developed that involve aligning raw reads to a haplotype graph genome representation 

to call and identify variations (Bradbury et al., 2022; Shang et al., 2022). These haplotype graphs 
require the availability of multiple genome assemblies of a species.  

Methods to call variation without genome references using k-mers are also becoming more 

common (Arora et al., 2019; Gaurav et al., 2022; Rahman et al., 2018; Voichek & Weigel, 2020). In 
addition to not relying on a single genome reference, k-mers can detect multiple types of 
variations and compare individuals from highly divergent samples. The disadvantage, however, is 
that some k-mer pipelines are still not well adapted into the routine variant calling software. 

Instead, analysis is performed by implementing in-house scripts requiring large computational 
infrastructure. More developed k-mer based software are less straightforward to use than 
alignment-based methods or output files are usually not compatible with the routine bioinformatic 

tools. 

Additionally, variation discovery can be challenging if the species to study is polyploid, highly 
repetitive, or heterozygous since sequencing similarities can be a confounding factor since reads 
often align to more than one region. In genomic studies, a k-mer analysis can be used to detect 

the repetitiveness of the genome assembly, estimate the genome size, sequencing coverage, raw 
reads heterogenicity and quality (Pflug et al., 2020). In genome assemblies, most genome 
assemblers use a pre step to define the optimal k-mer size to use before generating the assembly. 

This because the repetitiveness of a genome affects the uniqueness k-mers at specific size. Longer 
k-mers are required if a genome is highly repetitive as they have less chances to occur across the 
genome than short k-mers. There is a trade-off, however, since longer k-mers require more 

computing load. Furthermore, longer k-mers are prone to capture sequencing errors at reads 
edges affecting the quality of the final assembly. 

Most of these methods to call variations or to generate genome assemblies are influenced by the 
type of sequencing used to genotype, or in cases of reference-dependent variant calling, by the 

quality of the assemblies, read lengths, and depth coverage. Fine tuning of these variables to 
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define the optimal combinations will be dependent on the organisms being studied and the 
objective of the project. For example, read length for alignments and variant calling are less 

influenced by the read length and are more dependent on reads quality depth. On the other hand, 
long (>10 Kbp) reads with lower sequence depth than short reads (~150 bp) are suitable to extend 
the contiguity in genome assembly projects (De Coster et al., 2021). 

A common procedure in alignments methods is to perform a pre-step to verify the reads quality, 

measure the coverage, and to clean reads-off with high sequencing error rate. In genome 
assemblies and k-mer analysis a critical pre-filtering step is to remove unique k-mers as they 
commonly originate from sequencing errors. However, sequencing data often yields non-uniform 

coverage of the genome with k-mers displaying a Poisson distribution. Therefore, if the sequencing 
coverage is relatively low, removing unique k-mers can be detrimental since some real genome 
information is still represented as unique k-mers (Lee et al., 2020). 

In this chapter we implemented a novel approach to call variations and used it to build a variations 
database of >1,000 genotypes based on k-mers from raw reads based on multiple chromosome-
scale references. Our approach allowed us to integrate genome information from wild wheat 
relatives, landraces, and modern wheat varieties into the databases and unify multiple types of 

genome variations.  

The general workflow of this chapter is depicted in Fig. 2.1. In brief, we first evaluated the k-mer 
profiles of the 15 wheat pangenome assemblies (both chromosome and scaffold assemblies) and 

from raw reads of the Watkins Sequencing (WatSeq) dataset which includes >1,000 accessions. 
Across the analysis we integrated different types of sequencing data. We next developed IBSpy 
(Identity by state in python) which uses the k-mer databases described and a genome reference 
to generate three types of scores based on k-mer presence/absence. Using IBSpy we ran pairwise 

comparisons among chromosome-scale assemblies and among the wheat subgenomes (A, B, and 
D). Using the Brinton et al., 2020 chromosome-scale alignments, we translated sequence similarity 
to IBSpy scores. We next validated IBSpy to use raw reads to detect variations and studied the 

effect of different raw read types, depth, and k-mer sizes on the variations count. 
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Fig. 2. 1 Chapter 2 workflow. 

In an initial step a) the query k-mer databases are created either from genome assemblies or from raw reads using 
KMC or Jellyfish software. These k-mers are used to characterize the pangenome genome profiles, raw reads, and the 
different types of raw reads used in this study. These k-mer database are also the input of IBSpy as a query. b) 
characterization of IBSpy scores using either genome assemblies or raw reads of different types. 
 

2.3. Methods 

In all cases, the scripts used are in the following link with the scrip name of the analysis within 
the folder “scripts”: https://github.com/quirozcj/PhD_thesis_JQCH_2022. 
 
2.3.1. Germplasm & Sequencing data 

In this analysis we included 11 chromosome and 5 scaffold level assemblies from (Walkowiak et 
al., 2020). During the PhD project, additional chromosome assemblies with different qualities have 
been released. In total, across this project we employed 20 assemblies for different analysis (Table 

2.1). This research relies mainly on the Watkins Sequencing (WatSeq) project composed of 218 

Pangenome k-mer profile
• multiple k-mer size

Raw reads k-mer profile
• at selected k-mer size

Type of sequence
• at selected k-mer size

query vs 
reference 

(IBSpy)

raw k-mers:
• KMC
• jellyfish

variationsobserved k-mers k-mer distance

IBSpy raw reads:
• sequencing depth
• unique k-mers
• sequence length
• sequence platform

IBSpy to mummer:
• pairwise references
• among sub genomes

variations characterization:
• variations length
• by window
• variations to VCF

IBSpy

• pairwise pangenome
• among sub genomes

• pairwise pangenome
• among sub genomes

• pairwise pangenome
• among sub genomes

a

b

https://github.com/quirozcj/PhD_thesis_JQCH_2022
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modern cultivars and 827 landraces from the Watkins collection (Wingen et al., 2014). The 
sequencing coverage ranged from 12 to 15-fold DNBSeq 150 bp reads (Supplemental Table S2.1). 

 

Table 2. 1. Genome assemblies used in this study. 

 

ID* indicates names used for each reference in this study. The “Use” indicates if the genotype was used as a reference, 
query, or both. The ‘Analysis” column indicates a specific analysis for specific assemblies. 

 

In addition to wheat genotypes, in in this thesis we leveraged the publicly available data of 265 Ae. 

tauschii (D genome progenitor of hexaploid wheat) accessions (Gaurav et al., 2022) (Supplemental 
Table S2.2) to explore the D genome diversity. During the development of this project, we 
integrated 218 additional accessions to detect introgressions from T. monococcum (AmAm 

genome) into wheat and two chromosome scale assemblies of one domesticated and one wild T. 
monoccocum accession (Ahmed et al., 2023) (Supplemental Table S2.3). In-depth analysis of wild 
wheat relatives will be addressed in Chapter 4. 

We also included publicly available datasets of wild relatives from different publications 

(Walkowiak et al., 2020), including one rye (Secale cereale) accession Lo7 (Rabanus-Wallace et al., 
2021) (Supplemental Table S2.4). The quality of the raw read sequences was determined using 
fastqc (v.0.11.8). Samples of the WatSeq project were processed by collaborators AGIS. (Scripts: 

https://github.com/quirozcj/PhD_thesis_JQCH_2022). 

 

ID* Line Assembly Type Growth Habit Origin Use Analysis Publication
mace Mace chromosome-scale Spring Australia reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
lancer LongReach Lancer chromosome-scale Spring Australia reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
stanley CDC Stanley chromosome-scale Spring Canada reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
landmark CDC Landmark chromosome-scale Spring Canada reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
julius Julius chromosome-scale Winter Germany reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
norin61 Norin 61 chromosome-scale Facultative Spring Japan reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
arinaLrFor ArinaLrFor chromosome-scale Winter Switzerland reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
spelta PI190962 (spelt wheat) chromosome-scale Winter Central Europe reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
jagger Jagger chromosome-scale Winter USA reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
sy_mattis SY Mattis chromosome-scale Winter France reference and query Synteny windows https://doi.org/10.1038/s41586-020-2961-x
chinese Chinese Spring chromosome-scale Spring IWGSC reference and query Synteny windows DOI: 10.1126/science.aar7191
cadenza Cadenza Scaffold Facultative Spring UK query query https://doi.org/10.1038/s41586-020-2961-x
paragon Paragon Scaffold Spring UK query query https://doi.org/10.1038/s41586-020-2961-x
robigus Robigus Scaffold Winter UK query query https://doi.org/10.1038/s41586-020-2961-x
claire Claire Scaffold Winter UK query query https://doi.org/10.1038/s41586-020-2961-x
weebil Weebill 1 Scaffold Spring CIMMYT query query https://doi.org/10.1038/s41586-020-2961-x
tibetan Zang1817 chromosome-scale Spring Tibetan query introgressions https://doi.org/10.1038/s41467-020-18738-5
renan renan chromosome-scale Winter France reference and query introgressions https://doi.org/10.1093/gigascience/giac034
borlaug borlaug chromosome-scale Spring CIMMYT reference and query introgressions
kariega kariega chromosome-scale Spring reference and query reads length https://doi.org/10.1038/s41588-022-01022-1

https://github.com/quirozcj/PhD_thesis_JQCH_2022
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2.3.2. k-mer variant calling pipeline. 

We used jellyfish v.2.2.6 (Marçais & Kingsford, 2011) or KMC v3.0.1 (Kokot et al., 2017) to create 

the k-mer databases from individual samples. For genome assemblies, we kept unique k-mers and 
screened for differences on k-mer sizes (Supplemental Table S2.5). For the WatSeq raw reads 
samples, we removed unique k-mers to reduce computational burden and leverage on the already 
available datasets of 31-mers. Only when the sequence depth was <10-fold with read length 150 

bp, we kept unique k-mers to compensate for the lack of coverage. We used Python3 scripts to 
plot histograms for the k-mer counts to verify samples coverage and sequences quality profiles 
(Supplemental Table S2.6). Scripts: https://github.com/quirozcj/PhD_thesis_JQCH_2022. 

 

2.3.3. Code for Identity by State in python (IBSpy) 

The code for IBSpy is publicly available in GitHub (https://github.com/Uauy-Lab/IBSpy) and was 
co-developed with Dr. Ricardo Ramirez-Gonzalez.  

 

2.3.4. Alignments to IBSpy variations 

To translate the IBSpy variations equivalence to alignments sequence similarity, we compared the 
published (Brinton et al., 2020) pairwise MUMmer alignments among ten chromosome-scale 
pangenome cultivars (ArinaLrFor, Chinese Spring (CS), Jagger, Julius, Lancer, Landmark, Mace, 
Norin61, Stanley, Mattis) with the corresponding variations counts from IBSpy outputs. In total, 

there were 90 pairwise alignments analysed across the A, B, and D genomes. We analysed the data 
in 500 Kbp windows and kept those windows with at least 60% breadth of alignment in the 
MUMmer output (77.8%). For each 500 Kbp window, we had the average sequence identity 

between the pangenome reference and the other nine pangenome query samples (if over 60% 
breadth of alignment) alongside the IBSpy variations for the equivalent comparisons using the 
pangenome reference assembly and the k-mer database. The over 60% bread alignment was 
selected since eventually we had alignments that did not cover significant region of the 500 Kbp 

window. For example, we had 500 Kbp windows that had alignments covering only 10% of the 
window and those would not be informative since all the other 90% would be highly different in 
sequence identity and therefore no alignments were possible. In addition to the 500 Kbp window, 

we tested 100 Kbp which tended to include overlapping alignments longer than 100 Kbp. We also 
tested 1,000 kbp windows, however, in this case alignments were often too short and most of the 
window was often not covered. Therefore, we decide to use 500 Kbp which were overall well 

covered with mummer alignments lengths. 

https://github.com/quirozcj/PhD_thesis_JQCH_2022
https://github.com/Uauy-Lab/IBSpy
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2.4. Results 

2.4.1. The wheat k-mer landscape 

2.4.1.1. Pangenome k-mer distribution by size 

When working with k-mers, the genome size, complexity and ploidy of the species, the quality of 
the assembly (pseudomolecules or scaffold length), and the error rate of the reads can all impact 

and determine the optimal k-mer size. An optimal k-mer size also depends on the type of analysis 
or question to address. In this analysis we investigated the k-mer profiles of the wheat assemblies 
using different k-mer size with the aim to efficiently detect variations and differentiate among 

multiple genomes and raw reads data. For our purposes, the optimal size would be a high 
percentage of unique k-mers in the genome, across multiple genome references considering a 
trade-off with computer burden. We used the eleven chromosome-scale assemblies to find the k-
mer distribution by size using a range of k-mers from k=15 to k=101-mer. Historically, the genome 

reference of Chinese Spring (CS) was the first high-quality assembly (and annotation) at 
chromosome-scale level, therefore we explored its k-mer profiles first. 

We observed that for the CS reference at 21-mer size, 25% of the genome is represented as a 

unique k-mers. Five and ten cumulative k-mers capture 43% and 50%, respectively, of the genome 
content. With 31-mers ~37% of the genome is represented as a unique k-mers. 101-mers captured 
~80% of the genome as a unique k-mers and ~90% at five or ten cumulative (Fig. 2.2). k-mer 
abundance of the remaining chromosome-scale pangenome assemblies demonstrated that 

overall, independently of the genotype, they have similar k-mer abundance profiles (Fig. 2.3). This 
similarity on k-mer profiles may be because a similar pipeline or similar sequencing method were 
used to assemble them. Comparisons with genome assemblies using different procedures and 

sequencing reads (e.g., PacBio HiFi or Nanopore long reads) would be required to confirm this. 
Regarding the k-mer size, as expected, 101-mers have the highest unique k-mers representation 
in all genomes with ~80%. 
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Fig. 2. 2. Genome representation at different k-mer size in Chinese Spring(RefSeq.v1.0) reference. 

The graph represents the percentage (%) of the genome of CS that is represented as a unique (blue) k-mer. For 
example, ~35% of the CS genome is represented in 31-mers as a unique k-mer (no other sequence in the genome has 
those k-mers). The orange line indicates the cumulative five which means that a particular percentage in y-axis of the 
genome of CS that is represented in five or less k-mers at given k-mer size. For example, using 31-mers ~55% of the 
genome is represented five times or less. Similarly for the ten cumulative (green line). 

 
Fig. 2. 3. k-mer frequency distribution of the eleven chromosome-scale assemblies. 

y-axis, k-mer count (Log) of the k-mer depth (frequency) in x-axis. High proportion of the k-mers is represented as 
unique as indicated with the highest values at the position 1 of x-axis (green line). After the first 5 (blue vertical line) 
occurrences (depth) the counts drops and stabilizes. Note that all genotypes are shown in the figure, but the curves 
overlap completely giving the impression of a single curve for each k-mer size. 

 

The number of unique k-mers in all pangenomes increases considerably after ~19 k-mer size and 
continue a smoothly up to 101 k-mer size (Fig. 2.4a). Although, very similar among pangenomes, 
k-mer profiles indicates slightly different levels of genome assemblies quality or real genome 

compositions among the wheat references. As expected, scaffold-level assemblies had overall 
more unique k-mers, which may reflect that scaffold level assemblies most likely do not assemble 
more complex repetitive regions and hence have a higher proportion of non-repetitive genome 
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regions than chromosome-scale assemblies. It may also indicate a high number of misassembled 
regions in the scaffold level assemblies giving rise to a high proportion if unique k-mers (Fig. 2.4b). 

 

 

Fig. 2. 4. Unique k-mer frequency distribution in the wheat pangenome.  

a) proportion of unique k-mers in the entire genome at different k-mer sizes. b) x-axis, percentage of unique k-mers 
in each of the references at different k-mer lengths. Solid lines are chromosome-level and dashed lines are scaffold-
level assemblies. 

 

In summary, our analysis revealed that the wheat chromosome-scale assemblies have a 

considerable representation of unique k-mers above >20-mers. Other studies have used this k-
mer size as a default. The length of the k-mer determines the total fraction of unique k-mers found 
in the entire genome. Ideally, longer k-mer sizes are preferred as they capture the uniqueness of 

a DNA sequence in a genome which is of importance to differentiate within genome regions (e.g., 
for genome assemblies) and to differentiate among genotypes (e.g., to find variations by k-mers). 
However, longer k-mers is high computing demanding and there is a limitation due to sequencing 
read lengths. Increasing the k-mer size escalates the probability of capturing sequencing errors 

from reads edges inside k-mer sequences. Therefore, there is a limit and trade-off with computer 
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burden, genome size, and read length to select for an optimal k-mer size. As described in our 
methods, we will leverage the already available 31-mers from the WatSeq project. In this analysis 

we confirmed that 31-mers are in the range of optimal k-mer size found which is >20-mers and a 
reasonable computer burden for hexaploid wheat. In addition, considering that the WatSeq 
samples available are DNBSeq short reads of 150 bp, k-mers larger than 51 bp would be a limitation 
since longer k-mer size in short reads has the risk to extend regions prone to errors at read edges. 

This would result in less resolution to detect variations since real information will be lost. 
Therefore, in this analysis we will employ 31-mers as our default for downstream analyses. 

In addition, our results also demonstrate a very high similarity on the k-mer profiles of the 11 

chromosome scale assemblies. This might be due to the use of the same pipeline to create all the 
assemblies and therefore prone to similar errors (Walkowiak et al., 2020). A second explanation 
would be that the wheat pangenome assemblies have overall similar genome identity since most 

of them are important cultivars selected, a part of Norin61 and CS. This hypothesis would be 
possible to test as other genome assemblies are released particularly from landraces and from 
wild relatives. Although not explored in this thesis, a more in depth analysis comparing k-mer 
profiles per chromosome and/or per genome region would reveal if genome differences among 

cultivars are masked by the highly repetitive regions nature of the wheat genome (e.g., 
transposons content) (Appels et al., 2018). 

 

2.4.1.2. k-mer distribution of raw reads 

In addition to the genome complexity described above, other aspects impact on the k-mer profiles 
results when working with raw reads instead of genome assemblies. For example, analysing k-mer 
profiles using raw reads is influenced by the sequencing platforms used to generate the reads, 

sequencing quality, and read length and depth. In our previous analysis we screened the wheat 
pangenome for k-mer profiles and overall, all the chromosome level assemblies had a similar k-
mer frequency. In this analysis we investigated the k-mer differences from raw reads. We aimed 

to detect sequencing differences in quality in our datasets to apply normalization/filtering criteria 
based on this information in downstream analysis. 

From the WatSeq panel, we explored the k-mer (31-mer) profiles of 375 randomly selected 
genotypes which have on average ~12-fold depth coverage based on the number of reads (Fig. 

2.5). Our results indicate that overall, most of the genotypes have similar coverage and k-mer 
profiles with few exceptions ranging from 9-fold to 14-fold. A few accessions had high multiple 
repetitive k-mers, which may be indicative of low-quality reads with a high error rate and low 



 43 

coverage (Table S2.6). Across these 375 samples we found that the peak of the k-mer distribution 
was between 9 and 11-fold depth. This slightly lower than the 12-fold coverage based on read 

counts is expected since a pre-filtering step to the initial raw reads was applied to remove low 
quality reads to reduce the computer burden for k-mer and mapping analysis (Cheng et al., under 
revision). 

 

 

Fig. 2. 5. 31-mers distribution of raw reads. 
The data is from 375 random WatSeq raw reads samples at ~10-15-fold coverage (average 12-fold) plus 23 
pangenome subsampled raw reads at approximately equivalent coverage (12-fold). Unique k-mers were removed 
from this dataset. A peak is reflected at ~9 to 11x depth indicating the approximately coverage of the reads after pre-
filtering step of cleaning and removing low quality reads from the initial raw reads. 
 

2.4.2. Implementation of Identity By State in python (IBSpy) to detect variations. 

2.4.2.1. Types of variations captured by k-mers. 

There are different k-mer based methods to identify and quantify genetic variations between 
genome sequences. Here, we describe a new algorithm using presence/absence of k-mers in 
genomic intervals. This approach registers three types of scores using a genome reference: 

“observed_kmers”, “variations”, and “kmer_distance”.  In all cases, the scores are measured in 50 
Kbp windows using a genome reference chromosome physical position. 

The rationale of using 50 Kbp window as our base starting point was the work demonstrated in 

(Brinton et al., 2020) using pairwise chromosome alignments. In their analysis, they found that 
when examining windows <50 Kbp, it was not possible to differentiate between identical-by-state 
(IBS) and near-IBS regions in wheat due to lack of sufficient variation in small windows (50 Kbp). 
For example, to define an IBS region between two genotypes (Brinton et al., 2020) set a cut-off of 

1 SNP in 10,000 bp which accounts for 99.99% sequence similarity. A one SNP in 10,000 bp allowed 
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flexibility for misassembles and sequencing errors. Using this criterion, they explored different 
window sizes (1 Mbp, 2.5 Mbp, and 5 Mbp) and selected 5 Mbp as optimal to detect IBS regions. 

Therefore, as starting we decided to initiate to explore 50 Kbp and expand larger windows as 
needed to define IBS regions by combining multiple 50 Kbp sub windows and will be described in 
Chapter 3. 

IBSpy uses two types of input data, a genome assembly and a k-mer database. The database can 

be generated from raw reads of any type, quality, or from genome assemblies (scaffold or 
chromosome scale). The algorithm parses the genome assembly on the go and splits 
chromosomes into 50 Kbp windows to record all possible k-mers ignoring unassembled regions 

with “Ns”. Based on these two sets of information, the three types of scores are calculated. We 
explain each in turn: 

 

2.4.2.2. Observed k-mers 

Based on the genome assembly and k-mer database, IBSpy counts the number of k-mers in the 50 
Kbp window from the reference also present in the k-mer database of a query sample. If all the 
31-mers are present, the score for the observed_kmers is equal to all possible k-mers in the 50 

Kbp window. An example of how observed_kmers are calculated is shown in Fig. 2.6. 
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Fig. 2. 6. IBSpy “observed_kmers” in window. 

Using 50 Kbp windows of the genome reference (grey), IBSpy compares all possible k-mers in a window reference 
sequence to the k-mers of a query sample (blue) (from raw reads, scaffold-level, or chromosome-scale assemblies) 
and count the number of observed k-mers within each window. The example shows a SNP (in red) between the 
reference (grey) and a query (blue) and how only the observed k-mers present in both, the reference, and the query, 
are counted. Next, the counts and the chromosome position are recorded, IBSpy moves to the next 50 Kbp window 
and the process is repeated until reaching the end of the chromosome and subsequently to the whole genome. 

 

2.4.2.3. Variations 

Similarly, as with the observed_kmers, to register the variations score, IBSpy parses 50 Kbp window 
of the reference assembly, but this time it reads each k-mer in the 50 Kbp from the start comparing 
one k-mer sequence at a time against the k-mer database of the query sample. If one or a set of 

“contiguous overlapping k-mers” from the reference are not present in the query sample, this is 
registered as a single variation. This would be equivalent to a ‘short-phased sequence’ captured. 
However, for simplicity, we will refer to them as a “variation”. This score includes the count and 
the window position from the reference to which they were mapped (Fig. 2.7). To differentiate 

between genetic variations as a more general term and IBSpy variations, we will refer as IBSpy 
variations in italics. 

query
CCTCGCCTCCGCGACCTGGAGCGATTGCTGGACGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGGGCGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGG 
 CTCGCCTCCGCGACCTGGAGCGATTGCTGGG 
  TCGCCTCCGCGACCTGGAGCGATTGCTGGGC 
   CGCCTCCGCGACCTGGAGCGATTGCTGGGCG 
    GCCTCCGCGACCTGGAGCGATTGCTGGGCGT 
     CCTCCGCGACCTGGAGCGATTGCTGGGCGTC 
      CTCCGCGACCTGGAGCGATTGCTGGGCGTCG 
       TCCGCGACCTGGAGCGATTGCTGGGCGTCGG 
        CCGCGACCTGGAGCGATTGCTGGGCGTCGGC 
         CGCGACCTGGAGCGATTGCTGGGCGTCGGCT 
          GCGACCTGGAGCGATTGCTGGGCGTCGGCTA 
           CGACCTGGAGCGATTGCTGGGCGTCGGCTAT 
            GACCTGGAGCGATTGCTGGGCGTCGGCTATG 
             ACCTGGAGCGATTGCTGGGCGTCGGCTATGT 
              CCTGGAGCGATTGCTGGGCGTCGGCTATGTG 
               CTGGAGCGATTGCTGGGCGTCGGCTATGTGC 
                TGGAGCGATTGCTGGGCGTCGGCTATGTGCC 
                 GGAGCGATTGCTGGGCGTCGGCTATGTGCCC 
                  GAGCGATTGCTGGGCGTCGGCTATGTGCCCG 
                   AGCGATTGCTGGGCGTCGGCTATGTGCCCGC 
                    GCGATTGCTGGGCGTCGGCTATGTGCCCGCG 
                     CGATTGCTGGGCGTCGGCTATGTGCCCGCGC 
                      GATTGCTGGGCGTCGGCTATGTGCCCGCGCA 
                       ATTGCTGGGCGTCGGCTATGTGCCCGCGCAG 
                        TTGCTGGGCGTCGGCTATGTGCCCGCGCAGC 
                         TGCTGGGCGTCGGCTATGTGCCCGCGCAGCG 
                          GCTGGGCGTCGGCTATGTGCCCGCGCAGCGC 
                           CTGGGCGTCGGCTATGTGCCCGCGCAGCGCC 
                            TGGGCGTCGGCTATGTGCCCGCGCAGCGCCG 
                             GGGCGTCGGCTATGTGCCCGCGCAGCGCCGT 
                              GGCGTCGGCTATGTGCCCGCGCAGCGCCGTG 
                               GCGTCGGCTATGTGCCCGCGCAGCGCCGTGC 
                                CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
 

k-mers
from raw reads

(~12-fold)

Genome 
reference

IBSpy

k-mers in 50 kbp window 
(k=31)

[ window size – k-mer size ] - Ns

Query 
sample

reference
TCGCCTCCGCGACCTGGAGCGATTGCTGGGC

CTCGCCTCCGCGACCTGGAGCGATTGCTGGG

GCCTCCGCGACCTGGAGCGATTGCTGGGCGT

CCTCCGCGACCTGGAGCGATTGCTGGGCGTC

CTCCGCGACCTGGAGCGATTGCTGGGCGTCG

TCCGCGACCTGGAGCGATTGCTGGGCGTCGG

CCGCGACCTGGAGCGATTGCTGGGCGTCGGC

CGCGACCTGGAGCGATTGCTGGGCGTCGGCT

GCGACCTGGAGCGATTGCTGGGCGTCGGCTA

CGACCTGGAGCGATTGCTGGGCGTCGGCTAT

GACCTGGAGCGATTGCTGGGCGTCGGCTATG

CGCCTCCGCGACCTGGAGCGATTGCTGGGCG

CCTCGCCTCCGCGACCTGGAGCGATTGCTGG

CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC
GCGTCGGCTATGTGCCCGCGCAGCGCCGTGC

GGCGTCGGCTATGTGCCCGCGCAGCGCCGTG

GGGCGTCGGCTATGTGCCCGCGCAGCGCCGT

*

*

Observed k-mers in 
window

+1

+1
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A variation can have different sequence lengths falling into three possible categories. 

a) A single SNP yields a variation = 2n-k. For example, when using 31-mers, a single SNP will 

generate a variation of 61 bp (Fig.2.7).  
b) A deletion in the query sample will generate a variation size = 2n-k + deletion size (Fig. 

2.8). 
c) An insertion in the query sample (deletion in the reference) will not be detected.  

d) Two SNPs whose distance is less than the k-mer size used (in this example SNPs closer than 
31 bp) will generate a variation size of 2n-k + the distance from the first to the last SNP 
found. This will be similar to the “kmer_distance” score illustrated in Fig. 2.9. In all cases 

the variations score will record a single variation for all these types of polymorphisms 
described. 

 

 
Fig. 2. 7. IBSpy variations score. 

Using 50 Kbp windows and 31-mers, IBSpy compares k-mers in a reference sequence to the k-mers of any query 
sample and count the number of variations within each 50 Kbp window. A variation is defined as a set of continuous 
overlapping k-mers from the reference completely absent in the query (square box). In this example, a single variation 
of 61 bp length is shown (at the bottom), which is the condensed score of all 31-mers having the A nucleotide (in 
yellow) not present in the k-mers of the query sample from raw reads (blue sequence). After recording this variation, 

CCTCGCCTCCGCGACCTGGAGCGATTGCTGGGCGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGGACGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGG 
 CTCGCCTCCGCGACCTGGAGCGATTGCTGGA 
  TCGCCTCCGCGACCTGGAGCGATTGCTGGAC 
   CGCCTCCGCGACCTGGAGCGATTGCTGGACG 
    GCCTCCGCGACCTGGAGCGATTGCTGGACGT 
     CCTCCGCGACCTGGAGCGATTGCTGGACGTC 
      CTCCGCGACCTGGAGCGATTGCTGGACGTCG 
       TCCGCGACCTGGAGCGATTGCTGGACGTCGG 
        CCGCGACCTGGAGCGATTGCTGGACGTCGGC 
         CGCGACCTGGAGCGATTGCTGGACGTCGGCT 
          GCGACCTGGAGCGATTGCTGGACGTCGGCTA 
           CGACCTGGAGCGATTGCTGGACGTCGGCTAT 
            GACCTGGAGCGATTGCTGGACGTCGGCTATG 
             ACCTGGAGCGATTGCTGGACGTCGGCTATGT 
              CCTGGAGCGATTGCTGGACGTCGGCTATGTG 
               CTGGAGCGATTGCTGGACGTCGGCTATGTGC 
                TGGAGCGATTGCTGGACGTCGGCTATGTGCC 
                 GGAGCGATTGCTGGACGTCGGCTATGTGCCC 
                  GAGCGATTGCTGGACGTCGGCTATGTGCCCG 
                   AGCGATTGCTGGACGTCGGCTATGTGCCCGC 
                    GCGATTGCTGGACGTCGGCTATGTGCCCGCG 
                     CGATTGCTGGACGTCGGCTATGTGCCCGCGC 
                      GATTGCTGGACGTCGGCTATGTGCCCGCGCA 
                       ATTGCTGGACGTCGGCTATGTGCCCGCGCAG 
                        TTGCTGGACGTCGGCTATGTGCCCGCGCAGC 
                         TGCTGGACGTCGGCTATGTGCCCGCGCAGCG 
                          GCTGGACGTCGGCTATGTGCCCGCGCAGCGC 
                           CTGGACGTCGGCTATGTGCCCGCGCAGCGCC 
                            TGGACGTCGGCTATGTGCCCGCGCAGCGCCG 
                             GGACGTCGGCTATGTGCCCGCGCAGCGCCGT 
                              GACGTCGGCTATGTGCCCGCGCAGCGCCGTG 
                               ACGTCGGCTATGTGCCCGCGCAGCGCCGTGC 
                                CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
 

CTCGCCTCCGCGACCTGGAGCGATTGCTGGACGTCGGCTATGTGCCCGCGCAGCGCCGTGC

k-mers
from raw reads

(~13-fold)

Genome 
reference

IBSpy

k-mers in 50 kbp window (k=3)
[ window size – k-mer size ] - Ns

Query 
sample

reference
query

Set of continuous 
overlapping k-mers
(variation) 

TCGCCTCCGCGACCTGGAGCGATTGCTGGGC

CTCGCCTCCGCGACCTGGAGCGATTGCTGGG

GCCTCCGCGACCTGGAGCGATTGCTGGGCGT

CCTCCGCGACCTGGAGCGATTGCTGGGCGTC

CTCCGCGACCTGGAGCGATTGCTGGGCGTCG

TCCGCGACCTGGAGCGATTGCTGGGCGTCGG

CCGCGACCTGGAGCGATTGCTGGGCGTCGGC

CGCGACCTGGAGCGATTGCTGGGCGTCGGCT

GCGACCTGGAGCGATTGCTGGGCGTCGGCTA

CGACCTGGAGCGATTGCTGGGCGTCGGCTAT

GACCTGGAGCGATTGCTGGGCGTCGGCTATG

CGCCTCCGCGACCTGGAGCGATTGCTGGGCG

CCTCGCCTCCGCGACCTGGAGCGATTGCTGG

CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC
GCGTCGGCTATGTGCCCGCGCAGCGCCGTGC

GGCGTCGGCTATGTGCCCGCGCAGCGCCGTG

GGGCGTCGGCTATGTGCCCGCGCAGCGCCGT

*

*
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IBSpy continues to scan the sequence of the reference across the 50 Kbp window until a new set of continuous 
overlapping k-mers are absent in the query sample. At the end of the 50 Kbp window, the reference chromosome 
position and the total number of variations are recorded before moving to the next 50 Kbp window and the process 
is repeated. Low variations count indicates high similarity between the 50 Kbp reference window in the assembly and 
the query sample, whereas high variation count indicates low sequence similarities. 
 

 

 

Fig. 2. 8. A 2 bp deletion counts as a single variation but has two kmer_distance counts. 
Example of a 2 bp deletion in the query sample (blue). The observed_kmers will score minus two from the total window 
size (as in Fig. 2.6), variations will be counted as one, and the k-mer distance will capture two counts. In all cases, 
these scores will be added to the other counts in the 50 Kbp window. 

 

2.4.2.4. k-mer distance 

When a two or more SNPs are closer than the k-mer size they are registered as a single variation. 
However, kmer_distance will be longer as all the k-mers between the SNPs are missing in the query 
sample. Therefore, the kmer_distance is calculated by the distance between the first and the last 

SNP within a variation. If there are additional SNPs in between the flanking SNPs, the distance will 
be the same (Fig. 2.9).  

CCTCGCCTCCGCGACCTGGAGCGATTGCTGG--GTCGGCTATGTGCCCGCGCAGCGCCGTGCCA 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGGACGTCGGCTATGTGCCCGCGCAGCGCCGTGCCA 
CCTCGCCTCCGCGACCTGGAGCGATTGCTGG 
 CTCGCCTCCGCGACCTGGAGCGATTGCTGGA 
  TCGCCTCCGCGACCTGGAGCGATTGCTGGAC 
   CGCCTCCGCGACCTGGAGCGATTGCTGGACG 
    GCCTCCGCGACCTGGAGCGATTGCTGGACGT 
     CCTCCGCGACCTGGAGCGATTGCTGGACGTC 
      CTCCGCGACCTGGAGCGATTGCTGGACGTCG 
       TCCGCGACCTGGAGCGATTGCTGGACGTCGG 
        CCGCGACCTGGAGCGATTGCTGGACGTCGGC 
         CGCGACCTGGAGCGATTGCTGGACGTCGGCT 
          GCGACCTGGAGCGATTGCTGGACGTCGGCTA 
           CGACCTGGAGCGATTGCTGGACGTCGGCTAT 
            GACCTGGAGCGATTGCTGGACGTCGGCTATG 
             ACCTGGAGCGATTGCTGGACGTCGGCTATGT 
              CCTGGAGCGATTGCTGGACGTCGGCTATGTG 
               CTGGAGCGATTGCTGGACGTCGGCTATGTGC 
                TGGAGCGATTGCTGGACGTCGGCTATGTGCC 
                 GGAGCGATTGCTGGACGTCGGCTATGTGCCC 
                  GAGCGATTGCTGGACGTCGGCTATGTGCCCG 
                   AGCGATTGCTGGACGTCGGCTATGTGCCCGC 
                    GCGATTGCTGGACGTCGGCTATGTGCCCGCG 
                     CGATTGCTGGACGTCGGCTATGTGCCCGCGC 
                      GATTGCTGGACGTCGGCTATGTGCCCGCGCA 
                       ATTGCTGGACGTCGGCTATGTGCCCGCGCAG 
                        TTGCTGGACGTCGGCTATGTGCCCGCGCAGC 
                         TGCTGGACGTCGGCTATGTGCCCGCGCAGCG 
                          GCTGGACGTCGGCTATGTGCCCGCGCAGCGC 
                           CTGGACGTCGGCTATGTGCCCGCGCAGCGCC 
                            TGGACGTCGGCTATGTGCCCGCGCAGCGCCG 
                             GGACGTCGGCTATGTGCCCGCGCAGCGCCGT 
                              GACGTCGGCTATGTGCCCGCGCAGCGCCGTG 
                               ACGTCGGCTATGTGCCCGCGCAGCGCCGTGC 
                                CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC 
                                 GTCGGCTATGTGCCCGCGCAGCGCCGTGCCA 
 

CTCGCCTCCGCGACCTGGAGCGATTGCTGGACGTCGGCTATGTGCCCGCGCAGCGCCGTGC

k-mers
from raw reads

(~12-fold)

Genome 
reference

IBSpy

k-mers in 50 kbp window (k=31)
[ window size – k-mer size ] - Ns

Query 
sample

reference
query

Set of continuous 
overlapping k-mers
(variation) 

TCGCCTCCGCGACCTGGAGCGATTGCTGGGC

CTCGCCTCCGCGACCTGGAGCGATTGCTGGG

GCCTCCGCGACCTGGAGCGATTGCTGGGCGT

CCTCCGCGACCTGGAGCGATTGCTGGGCGTC

CTCCGCGACCTGGAGCGATTGCTGGGCGTCG

TCCGCGACCTGGAGCGATTGCTGGGCGTCGG

CCGCGACCTGGAGCGATTGCTGGGCGTCGGC

CGCGACCTGGAGCGATTGCTGGGCGTCGGCT

GCGACCTGGAGCGATTGCTGGGCGTCGGCTA

CGACCTGGAGCGATTGCTGGGCGTCGGCTAT

GACCTGGAGCGATTGCTGGGCGTCGGCTATG

CGCCTCCGCGACCTGGAGCGATTGCTGGGCG

CCTCGCCTCCGCGACCTGGAGCGATTGCTGG

CGTCGGCTATGTGCCCGCGCAGCGCCGTGCC
GCGTCGGCTATGTGCCCGCGCAGCGCCGTGC

GGCGTCGGCTATGTGCCCGCGCAGCGCCGTG

GGGCGTCGGCTATGTGCCCGCGCAGCGCCGT

*

*
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Fig. 2. 9. IBSpy kmer_distance score. Example of two SNPs closer than the k-mer size (31-mers). 

The two SNPs are 10 bp away of each other (pink bar) and therefore, kmer_distance will count 10. observed_kmers 
will count two and variations will count one. 

 

In summary, we stablished a method called IBSpy which captures three scores in a 50 Kbp window 
based on a genome assembly and a k-mer database: observed_kmers, variations, and 
kmer_distance. Each of the scores register similar, albeit slightly different features based on the 

type and number of variations between two samples. The output file from IBSpy is a plain tab 
separated file with seven columns. In the following analysis, we will explore differences captured 
by each of the scores and document each of them for their purposes. An example of an output file 

is shown in Table S2.9 with further descriptions https://github.com/Uauy-Lab/IBSpy. 

 

IBSpy variations: a fingerprint for the wheat genome and among subgenome homeologs. 

As an entry point to this analysis, we first explored the variations score. Using their chromosome 

positions and 50 Kbp window, we analysed the variations count distributions between two 
samples across the whole genome. We hypothesized that if there were differences between two 

ACAAAAGGCGAGTAAAAGAGTTCTCTGTTCACCGGCTACGGGCAGCGTAGACAAAGGAAGCGGCGGCGATAA 
ACAAAAGGCGAGTAAAAGAGTTCTCTGTTCAACGGCTACGTGCAGCGTAGACAAAGGAAGCGGCGGCGATAA 
ACAAAAGGCGAGTAAAAGAGTTCTCTGTTCA 
 CAAAAGGCGAGTAAAAGAGTTCTCTGTTCAA 
  AAAAGGCGAGTAAAAGAGTTCTCTGTTCAAC 
   AAAGGCGAGTAAAAGAGTTCTCTGTTCAACG 
    AAGGCGAGTAAAAGAGTTCTCTGTTCAACGG 
     AGGCGAGTAAAAGAGTTCTCTGTTCAACGGC 
      GGCGAGTAAAAGAGTTCTCTGTTCAACGGCT 
       GCGAGTAAAAGAGTTCTCTGTTCAACGGCTA 
        CGAGTAAAAGAGTTCTCTGTTCAACGGCTAC 
         GAGTAAAAGAGTTCTCTGTTCAACGGCTACG 
          AGTAAAAGAGTTCTCTGTTCAACGGCTACGT 
           GTAAAAGAGTTCTCTGTTCAACGGCTACGTG 
            TAAAAGAGTTCTCTGTTCAACGGCTACGTGC 
             AAAAGAGTTCTCTGTTCAACGGCTACGTGCA 
              AAAGAGTTCTCTGTTCAACGGCTACGTGCAG 
               AAGAGTTCTCTGTTCAACGGCTACGTGCAGC 
                AGAGTTCTCTGTTCAACGGCTACGTGCAGCG 
                 GAGTTCTCTGTTCAACGGCTACGTGCAGCGT 
                  AGTTCTCTGTTCAACGGCTACGTGCAGCGTA 
                   GTTCTCTGTTCAACGGCTACGTGCAGCGTAG 
                    TTCTCTGTTCAACGGCTACGTGCAGCGTAGA 
                     TCTCTGTTCAACGGCTACGTGCAGCGTAGAC 
                      CTCTGTTCAACGGCTACGTGCAGCGTAGACA 
                       TCTGTTCAACGGCTACGTGCAGCGTAGACAA 
                        CTGTTCAACGGCTACGTGCAGCGTAGACAAA 
                         TGTTCAACGGCTACGTGCAGCGTAGACAAAG 
                          GTTCAACGGCTACGTGCAGCGTAGACAAAGG 
                           TTCAACGGCTACGTGCAGCGTAGACAAAGGA 
                            TCAACGGCTACGTGCAGCGTAGACAAAGGAA 
                             CAACGGCTACGTGCAGCGTAGACAAAGGAAG 
                              AACGGCTACGTGCAGCGTAGACAAAGGAAGC 
                               ACGGCTACGTGCAGCGTAGACAAAGGAAGCG 
                                CGGCTACGTGCAGCGTAGACAAAGGAAGCGG 
                                 GGCTACGTGCAGCGTAGACAAAGGAAGCGGC 
                                  GCTACGTGCAGCGTAGACAAAGGAAGCGGCG 
                                   CTACGTGCAGCGTAGACAAAGGAAGCGGCGG 
                                    TACGTGCAGCGTAGACAAAGGAAGCGGCGGC 
                                     ACGTGCAGCGTAGACAAAGGAAGCGGCGGCG 
                                      CGTGCAGCGTAGACAAAGGAAGCGGCGGCGA 
                                       GTGCAGCGTAGACAAAGGAAGCGGCGGCGAT 
                                        TGCAGCGTAGACAAAGGAAGCGGCGGCGATA 
                                         GCAGCGTAGACAAAGGAAGCGGCGGCGATAA 
 
CAAAAGGCGAGTAAAAGAGTTCTCTGTTCAACGGCTACGTGCAGCGTAGACAAAGGAAGCGGCGGCGATA

k-mers
from raw reads

(~12-fold)

Genome 
reference

IBSpy

k-mers in 50 kbp window (k=31)
[ window size – k-mer size ] - Ns

Query 
sample

reference
query

Set of continuous 
overlapping k-mers
(1 variation)

*

*

CAAAAGGCGAGTAAAAGAGTTCTCTGTTCAC

AAAAGGCGAGTAAAAGAGTTCTCTGTTCACC

AAAGGCGAGTAAAAGAGTTCTCTGTTCACCG

AAGGCGAGTAAAAGAGTTCTCTGTTCACCGG

AGGCGAGTAAAAGAGTTCTCTGTTCACCGGC

GGCAGCGTAGACAAAGGAAGCGGCGGCGATA

GGGCAGCGTAGACAAAGGAAGCGGCGGCGAT
CGGGCAGCGTAGACAAAGGAAGCGGCGGCGA

ACGGGCAGCGTAGACAAAGGAAGCGGCGGCG

GTTCACCGGCTACGGGCAGCGTAGACAAAGG
TTCACCGGCTACGGGCAGCGTAGACAAAGGA

TCACCGGCTACGGGCAGCGTAGACAAAGGAA

CGGCTACGGGCAGCGTAGACAAAGGAAGCGG

GGCTACGGGCAGCGTAGACAAAGGAAGCGGC

AGTAAAAGAGTTCTCTGTTCACCGGCTACGG
AGTAAAAGAGTTCTCTGTTCACCGGCTACGG

GCAGCGTAGACAAAGGAAGCGGCGGCGATAA

ACAAAAGGCGAGTAAAAGAGTTCTCTGTTCA

k-mer distance = 10
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samples at the sequence level (SNPs or InDels), these will be captured by the number of 
presence/absence k-mers in a genome region (e.g., genome window size) by the appropriate k-

mers size and yield a genome wide fingerprint of variations from the different genome regions. 

To test this hypothesis, we used a single reference genome (Mattis) and compared it to two 
chromosome-scale assemblies, one of them known to be highly related to the reference (Julius) 
and the second known to be a more distant genotype Chinese Spring (CS) based on (Brinton et al., 

2020). We focused on the homeologs chromosome 6 (chr6) since chr6A is well characterized in 
our group. Julius and Mattis share two IBS blocks in telomeric regions of chr6A, two large IBS blocks 
on chr6B, and one main large block on chr6D. On the other hand, CS, does not share those blocks 

with Mattis. 

First, using the variations distribution in 50 Kbp window, we observed that chr6A had several 
windows with high variations across the chromosome physical positions, often with values higher 

than 100 variations. These windows with high variations counts were adjacent among them until 
a count drop was observed from high to low variations as we moved through the chromosome. 
Interestingly, telomere regions had more shifts in high and low variations counts (and vice versa) 
than centromere regions (Fig. 2.10a top). This could be indicative of recombination breakpoints 

and consistent with literature which shows higher recombination in telomeric regions of wheat 
chromosomes (Choulet et al., 2014). When exploring chr6B, in addition to the patterns of high and 
low variations detected on chr6A, we observed several adjacent 50 Kbp windows with low 

variations count close to “0” matching the IBS regions defined by (Brinton et al., 2020) and 
(http://www.crop-haplotypes.com/Wheat/haplotype/6B) from 50 to 255 Mbp and from 480 to 
665 Mbp (Fig. 2.10a middle). These patterns gave our first insight to detect IBS by counting IBSpy 
variations in windows. Exploring chr6D, we observed fewer windows with high variations (e.g., >30 

count) than in chr6A or chr6B, and these were mostly located at the end of the chromosome. The 
variations count between Mattis, and Julius were mostly low and tended to be lower than 30 
variations (Fig. 2.10a bottom). 

Overall, considering the three homeologs chromosomes we spotted four main levels of variations 
on wheat which were consistent across multiple 50 Kbp windows (Table 2.2). 

a) low and close to 0 variations in a continuous set of windows which often had values <10 

(e.g., chr6A below purple line, Fig. 2.10a top), 
b) below <30 with median at ~15 and which did not have windows with zero values (e.g., 

chr6A between yellow and purple lines, Fig. 10a top), 
c) high above >30 and median at 120; this category was relatively rare (e.g., chr6A between 

green and yellow lines, Fig. 10a top), and  

http://www.crop-haplotypes.com/Wheat/haplotype/6B
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d) very high >120 with median at ~350 variations (e.g., chr6A between blue and green lines, 
Fig. 10a top). An additional, and more distant category was detected at >350 with median 

500 when comparing variations among homeolog chromosomes (data not shown). The 
histogram of the distribution by chromosome clearly distinguished those levels of 
variations with peaks at “0”, at ~15 and <30, and at median 120. The 350 median level of 
variations is hardly noticeable since there were a few regions having this level of variation 

(Fig. 2.10b, x-axis Log scale). Comparing the histogram distribution of CS as a query, we 
observed that there were no peaks distributions with “0” counts and this comparisons had 
the highest peak with median of ~15 and <30 variations count category (Fig. 2.10c). 

 

Table 2. 2. Different levels of variations detected in 50 Kbp windows among genome 
assemblies and the hypothetical relatedness. 

Level Cut-off Proposed relatedness 

1 <10 Pairwise IBS 

2 <30 Immediate gene pool 

3 ~120 Intermediate gene pool 

4 ~350 Distant wild relatives 

5 >350 Homeologs A B D and deletions 

 

To validate the levels of variations detected and obtain a clearer picture of the variations, we 
tested the variations profile across the whole genome. Overall, we detected similar patterns with 

roughly higher variations in the B sub genome than in A and D subgenomes. At the same time, we 
detected more variations in subgenome A than in D (Fig. S2.1). 

In summary, our results show that the variations score by k-mers can detect genome differences 
between two genotypes and across the whole genome. Regardless of the relatedness of the 

genotypes employed, those differences could be detected. In general, five main levels of variations 
are distinguishable, one of them with variation values close to “0” in adjacent windows matching 
IBS regions defined in (Brinton et al., 2020). Consistent with previous (Akhunov et al., 2010; 

Balfourier et al., 2019; Cseh et al., 2021) results, IBSpy variations agrees that A and B subgenomes 
to have more diversity than D subgenome in terms of genetic variations detected by the common 
alignments methods. 
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Fig. 2. 10. IBSpy variations detects four main levels of genetic diversity in wheat. 

In all plots are the variations data from chr6A, chr6B, and chr6D using Mattis as a reference. a) y-axis variations count 
(Log) across chromosome physical positions (x-axis), b) histogram distribution of the variations in Julius query sample 
and in c) Chinese Spring. x-axis in a and b is Log scaled. Straight lines indicate different levels of variations as described 
in Table 2.2, pink = <10, yellow <30, green ~120, and blue ~350. Above 350 variations count are differences among 
A, B, and D subgenomes and large deletions. Note that Mattis (reference) shares higher sequence similarity to Julius 
b) than to Chinese Spring c) in agreement with (Brinton et al., 2020). 

 

Relatedness among IBSpy scores 

We next explored if observed_kmers and kmer_distance produced similar results to variations 
scores and how are they related among them. Plotting the distributions along chromosome 

physical positions, we detected that observed_kmers detected similar block patterns in the IBS 
regions on chr6B as with the variations score (Fig. 2.11ab, yellow boxes). The observed_kmer in a 
50 Kbp window was >99.95% with adjacent windows as seen with the variations. In (Brinton et al., 
2020), these two IBS blocks had >99.99% sequence identity similarity. 

Comparing kmer_distance score, we observed a similar block pattern, but the blocks were less 
defined and had several 50 Kbp window with high values mixing with the second level of variations 
(Fig. 2.11c, yellow boxes). One of the reasons that kmer_distance does not properly differentiate 

between categories may be the missing reads due to misassembles in the query or the reference 
and accumulation of counts. In comparison the variations score compensates for those errors and 
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“buffers” by combining continuous overlapping variations into one type. Therefore, from this 
analysis onwards, we will discard the use of kmer_distance in downstream analysis. 

 

 

Fig. 2. 11. IBSpy scores comparison using Mattis reference, Julius as query sample, and chromosome 6B example. 

In the three plots, each dot represents a 50 Kbp window and their corresponding score between Mattis reference 
physical positions (x-axis) and Julius query sample. a), observed_kmers score transformed to similarity percentage (y-
axis) and zoomed in from 98-100% between the two samples. b), Variations count score count (y-axis Log), and c) k-
mer distance score. Yellow boxes represent the two regions on chr6B that were identified as IBS by (Brinton et al., 
2020) and have low variations count and low k-mer distance. 

 

2.4.3. IBSpy variations with raw reads 

In the previous analysis we used the IBSpy output based on the chromosome-scale assemblies 
both as a reference and as a query samples. We next wanted to characterize IBSpy variations 
derived from raw reads. The aim was to validate IBSpy to detect variations using raw reads and 

characterize which factors impact on the results. Across these analyses we made use of IBS regions 
and sequence similarity among genome references defined in (Brinton et al., 2020) as positive 
controls. We investigated several parameters including: (1) sequence depth coverage, (2) 
removing or keeping unique k-mers, (3) k-mer lengths under different read lengths to detect 

variations, (4) different sequencing platforms and a combination of reads and, (5) using scaffold 
level assemblies as a query. In the end we selected a set of parameters for downstream analyses 
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based on the data available in this project and propose key points for further improvements in 
future developments. 

 

2.4.3.1. Sequence coverage (depth) 

Alignments methods and SNP calling are affected by sequencing depth. Genome assemblies and 
k-mer based algorithms are usually affected by read length where less coverage is needed with 
longer reads. In previous analysis, we explored k-mer profiles and characterized IBSpy variations 

equivalence to alignments sequence identity using chromosome-scale assemblies. In this analysis 
we tested and validated IBSpy to detect variations using raw reads with different sequence depths 
and defined an optimal sequence coverage by comparing known IBS regions. When working with 
k-mers and raw reads, it’s common to remove unique k-mers to avoid computational burden since 

unique k-mers are mostly originated from sequencing errors. As an entry point into this analysis, 
we made initial tests on IBSpy by removing unique k-mers, and we discuss further down the effect 
of including them. 

We first determined whether our approach was able to detect variations in a similar way as using 
chromosome-scale assemblies. We used a set of subsampling reads from 1 to 20-fold, a range of 
sequence depth commonly used in alignments and SNP calling pipelines. To account for similar 
dataset as in our genome assembly analysis, we subsampled raw reads that were previously used 

to generate the 11 pangenome assemblies (Walkowiak et al., 2020). For consistency, as an 
example, we will show the analysis between Mattis as a reference and Julius raw reads as a query 
genotype. 

We first plotted the variations count in 50 Kbp window across the chromosome physical position. 
We observed that above >4-fold coverage, a separation between two levels of variations were 
detected. The separation of these levels of variations were similar to the observed in 

chromosome-scale assemblies at ~10 – 12-fold coverage (Fig. 2.12). Similarly, the regions defined 
as IBS by Brinton et al., 2020 and available in http://www.crop-haplotypes.com, started to be 
detected as having several adjacent 50 Kpb window close to <10 variations count (Fig. 2.12, yellow 
boxes). 

Analysis of the same region but using the observed_kmers score detected a block with high 
percentage of observed_kmers in the same regions defined as IBS on chromosome 2B detecting 
two main blocks as seen in the variations count score (Fig. 2.13a). A detailed analysis 

demonstrated that the observed_kmers were above >99.98% in the IBS region when using 10 to 
12-fold coverage (Fig. 2.13b). 

http://www.crop-haplotypes.com/
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We next counted the variations distributions of the three six homoelogues (A B D) chromosomes 
(with unique k-mers removed). We noticed that with low coverage, a single distribution of the 

data was formed with a peak at ~350 variations count in all. Above ~10-fold we started to see a 
separation of the data and two distributions of the data were formed in some comparisons. One 
of the main peaks was located at ~30 and the second at <10 variations. Those distributions were 
clearly separated at ~12x. Above the 12-fold coverage few improvements to separate these 

distributions was gained (Fig. 2.17). Although these distributions were similar to the observed in 
the chromosome-scale assemblies analysis, we noticed that at 20-fold raw read coverage we 
obtained better resolution than with chromosome-scale assemblies. This would indicate that the 

chromosome scale assemblies had some misassembles or had missing data. 
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Fig. 2. 12. IBSpy variations score at different sequencing depths (removing unique k-mers). 
Illumina short reads (250 bp) of Julius (query) against Mattis (reference). a) x-axis (Log), IBSpy variations count in 50 
Kbp window at defined fold coverage from 1-fold to 20-fold. Y-axis chromosome physical position. The blue bars and 
the yellow boxes indicate the IBS regions depicted in (Brinton et al., 2020). 
 

 

Fig. 2. 13. IBSpy observed k-mers score at different sequencing depths (removing unique k-mers). 

Illumina short reads (250 bp) of Julius (query) against Mattis (reference). a) x-axis, IBSpy variations count in 50 Kbp 
window at defined fold coverage from 1-fold to 20-fold. Y-axis chromosome physical position. In yellow two IBS 
regions depicted in (Brinton et al., 2020) on chr6B. b), a zoom from a) in the 98 to 100 % region and from 0 to 300 
Mbp chromosome physical position as depicted by the pinks bars. 1-fold and 2-fold were omitted in b) since thy had 
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zero datapoints in the zoom in region at > 98% observed k-mers. The same analysis but keeping unique k-mers is 
shown in Fig. S2.2. 

 

We next compared the variations count of raw reads of Julius against the chromosome-scale of 

Mattis (Fig. 2.14) and scaffold level assemblies (Fig. 2.19). We observed that the variations 
detected using raw reads at 12-fold matched the variations counts by chromosome-scale 
assemblies (Fig. 2.14). In our previous analysis we explored know IBS regions among pangenomes 

(based on alignments in Brinton et al., 2020), and did a comparison with chromosome-scale IBSpy 
variations to determine that values of <10 in adjacent 50 Kbp windows were indicative of IBS 
regions. Those regions were from 50 Mbp to 250 Mbp and from 450 to 635 Mbp in chr6B between 

Mattis and Julius. These two genotypes share 23.1% IBS regions on the entire genome and 53.6% 
on chr6B. When we compared the IBS variations from raw reads, we observed consistent results 
as with chromosome scale to have variations count <10. 

When plotting the IBSpy variations from raw reads across chromosome positions, we observed 

similar profiles to the IBS variations regions from chromosome-scale assemblies. These variations 
matched the IBS regions defined in Brinton et al., 2020 to have variations <10 counts and 
continuous zero variations in 50 Kbp windows. These results were consistent in all the pangenome 

comparisons and across the whole genome. Our results suggest that IBSpy detects variations with 
raw reads to a similar extent as with chromosome level assemblies and that an optimal coverage 
for raw reads would be ~12-fold for wheat removing unique k-mers. 
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Fig. 2. 14. Raw reads at 12-fold vs chromosome-scale. 
Comparison of raw reads vs chromosome-scale assembly Julius vs Mattis reference. a) variations count in 50 Kbp 
window across chromosome 6B of Mattis physical positions. k-mers from the genome reference of Julius against the 
Mattis genome assembly. b) k-mers from 12-fold raw reads of Julius against Mattis genome reference. c) and d) similar 
to a and b but plotting the observed_kmers score in 50 Kbp window from 99 to 100% interval.  
 

We then tested if using the same genotype as a reference and querying raw reads from its own 
genotypes would detect variations. Our results demonstrated that there were mostly low 

variations across the whole genome. However, the variations were not zero and levels of 
variations were slightly higher at telomeric regions. These levels of variations were slightly higher 
with ~10-fold raw data coverage than with 20-fold. The histogram distribution indicates that most 

of the variations fall in the range of <10 variations, which is similar to the level of variations 
detected for IBS regions in our previous analysis. This provides an empirical value to determine 
our threshold for detecting IBS regions for downstream analysis (Fig. 2.15). These results suggest 
that our improvements in resolution detected by 20-fold compared to the chromosome-scale 

assemblies described above, may be due to misassembles in the reference or by high coverage 
reads having more probabilities to match a k-mer in the reference by chance. 
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Fig. 2. 15. Julius raw reads against Julius reference at different sequencing depths keeping unique k-mers as a 

quality control for IBSpy. 
a) Observed k-mers score of Julius at 2, 10, and 12-fold raw reads. As expected, at 10 and 12-fold most close to 100% 
of the observed k-mer score. b). Variations count of Julius at 2, 10, and 12-fold raw reads. Similarly, variations count 
<10 is present across the chromosome as indication of our background noise. This is most likely due to sequencing 
coverage, error, and reference misassembles. The variations <10 is consistent as the expected IBS regions found in 
other comparisons between two different genotypes.  
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Reports have demonstrated that removing unique k-mers in k-mer analysis when low coverage 
raw reads are employed can lead to real sequence information being lost (Lee et al., 2020). This 

occurs because sequencing is not uniform across the genome and unique k-mers resulting from 
non-overlapping reads can be lost. In this analysis we compared the effect of keeping unique k-
mers using 12-fold coverage. 

We focused specifically on the distribution of data in the <10 and the <30 categories as this is 

where we hypothesised the removal of unique k-mers could have the biggest impact. As expected, 
when comparing raw data where unique k-mers were maintained vs removed, we observed that 
the distributions of the <10 and <30 data were more clearly separated with unique k-mers at 12-

fold. We observed an increase in the number of variations uniformly across the genome (Fig. 2.16) 
when removing unique k-mers, demonstrating that by keeping unique k-mers the resolution to 
separate the two distributions was improved. Keeping unique k-mers at 12-fold had similar 

resolution as with a chromosome-scale genome reference (Fig. 2.16, 2.17). Keeping unique k-
mers and using 10-fold coverage had similar resolution as with 12-fold removing unique k-mers. 

Depending on the read quality, in general, removing unique k-mers decreases the resolution by 
the equivalence of ~3x sequence coverage when using the IBSpy variations data. These results 

suggest that for datasets with <12-fold coverage, it is recommended to keep unique k-mers to 
compensate for the lack of sequencing coverage. Keeping unique k-mers when coverage is low 
(<12-fold) is particularly important to discriminate between variations counts ~<10 from the <30 

which would impact int the ability to distinguish IBS and near-IBS regions. To deal with computer 
burden and keeping unique k-mers, smaller k-mers sizes may be required, but this topic was not 
explored in this thesis. Since there is a computer cost to storage data and there is also a cost to 
generate 3-fold more sequencing data, therefore, users may need to set a trade-off in each 

particular case. 



 61 

  

Fig. 2. 16. Removing unique k-mers impacts on the variations count captured by IBSpy. 
Variations count at different sequencing coverage using Mattis as a reference vs Julius raw reads from 1 to 20-fold as 
a query. a) keeping unique k-mers and b) removing unique k-mers. The yellow boxes indicate the IBS regions between 
Mattis and Julius on chromosome 6B. Purple boxes in a) at 8-fold coverage including unique k-mers indicate the 
equivalence on level of variations detected in b) at 8 – 12-fold coverage removing unique k-mers as sign of loss of real 
sequence information in unique k-mers important to differentiate IBS regions. 
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Fig. 2. 17. Variations distributions of unique k-mers vs non-unique k-mers at different sequencing depth. 
a) histogram distribution of the variations counts in 50 Kbp window of the chromosome six triad. b) distribution 
removing unique k-mers. Purple lines indicate the <10 variations count threshold as IBS regions in pairwise 
comparison. Red line indicates the 30 variations count threshold. Purple asterisk in a) are equivalent to red asterisks 
at 8 and 10-fold keeping unique k-mers to 10 and 12-fold removing unique k-mers. 
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Supplemental Fig. S2. 5. Observed k-mers of HiFi reads (keeping unique k-mers) at different sequence coverage. 

 

 
Supplemental Fig. S2. 6. IBSpy variations distributions from HiFi raw reads at different sequence coverage from 
Kariega vs Mattis reference comparison including or removing unique k-mers. 
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Supplemental Fig. S3. 1. Rht_B1 Multi-reference cluster map of the Rht-B1 locus ± 1 Mbp. 
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Supplemental Fig. S3. 2.  Protein pairwise alignment of TraesSYM2A03G00828360 vs TraesSYM2B03G01095480. 
The candidate genes for the SRA blast resistant phenotype in Mattis. 
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Einkorn groups were assigned considering K= 6 (K with the lowest cross-entropy value) based on the maximal local 
contribution of ancestry except for β (all β genetic groups were assigned as one group regardless of the contribution 
of an ancestry). The α group 1 (α_g1, n = 37) is in purple, α group 2 (α_g2, n = 87) is in yellow, γ (n = 24), β (n = 9), 
domesticated einkorn group 1 (dom_g1, n = 44) is in green, and domesticated einkorn group 2 (dom_g2, n = 17) is in 
blue. A list of accessions in each group is provided in Supplementary Table 11. d, Heat map showing the mean fixation 
index (FST) between the two domesticated einkorn groups calculated in 1 Mb sliding windows. Only accessions with 
80% ancestry threshold at K= 4 were considered. Centromere midpoints are indicated by red arrowheads. e, PCA using 
only variants present on the introgressed segment on chromosome 5A. Each point shows an individual accession, 
colored according to the structure analysis in panel (c). Circled accessions include wild γ accessions and some 
domesticated einkorn accessions. f, Geographic location of einkorn collection sites. Colors in pie charts correspond to 
the ancestry at K = 6. The Fertile Crescent is indicated by black lines. Only accessions with known collection sites are 
shown. g, Geographical projection of the first PCA axis for γ accessions based on the introgressed segment on 
chromosome 2A (this analysis was done excluding α and β accessions). Black dots represent the location of each γ 
accessions. Blue color represents the collection sites of γ accessions that were genetically the least diverged from the 
γ introgression found in domesticated einkorn. The letter K on the map refers to the Karacadağ mountains. 
 

7.1.1. Supplemental tables links 

Supplemental tables are in the following link and folder “Supplemental_tables”: 

https://github.com/quirozcj/PhD_thesis_JQCH_2022 
 
Supplemental Table S2. 1. Whole Genome Sequencing of the (WatSeq project). 

Supplemental Table S2. 2. Ae. tauschii collection (Gaurav et al., 2022). 

Supplemental Table S2. 3. T. monococcum from Hamed et al., 2022 (under revision). 

Supplemental Table S2. 4. Other wild relatives accessions publicly available. 

Supplemental Table S2. 5. Pangenome k-mer sizes. 

Supplemental Table S2. 6. k-mer histograms from WatSeq sequencing samples. 

Supplemental Table S3. 1. WatSeq metadata with IBSpy variations information.  

Supplemental Table S3. 2. Ae. tauschii redundancy test. 

Supplemental Table S3. 3. Parent-child test analysis. 

Supplemental Table S3. 4. Spikelet number phenotype. 

Supplemental Table S3. 5. Max floret number. 

Supplemental Table S3. 6. rust resistance phenotypes. 

Supplemental Table S3. 7. SRA blast resistant phenotypes. 

Supplemental Table S3. 8. Additional modern cultivars samples tested against SRA blast isolated. 

Supplemental Table S4. 1. Introgression blocks stitching 50 Kbp with < 30 variations separated less than 10 50 

kbp window. 

Supplemental Table S4. 2. Ae. tauschii lineage specific into the wheat D sub genome. 

 


