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1 Summary

Plant breeding is an important factor in ensuring the ability of society to react

to changes in environmental conditions and to secure the world wide supply with

food. Modern plant breeding is an interdisciplinary endeavor. The steady increase

in knowledge produced by biological research in plant physiology, reproduction,

and genetics enables the development of quantitative genetic methods applied in

plant breeding to maximize the success of breeding projects. This thesis combines

multiple studies that contribute to this interdisciplinary effort by developing, eval-

uating, and applying new methods for the globally important cereal crop barley.

The amount of next-generation sequencing (NGS) data available for barley and

other crops is constantly increasing. Recent advances in sequencing technology,

accompanied by a reduction in sequencing prices for NGS technologies, enabled the

scalability necessary in the field of plant breeding. Therefore, NGS data types that

were previously only used in small-scale research are now considered for application

in a plant breeding context. An example of this is the identification of genome

wide structural variation (SV).

SV identification in the large and repetitive genome of barley is difficult, and

our study was the first to re-evaluate a broad set of available tools in this context.

Six of the most promising SV callers for NGS short read data were selected to

determine their individual performance using simulated barley short reads. We

identified the best combination of tools for each SV type and achieved a sensitivity

of more than 70% and a precision of more than 95% simulating a 25x coverage.

We used the best combination of tools to identify SV in 23 spring barley parental

inbred lines and found almost 500,000 SV clusters in which the most prevalent

type of SV was deletions followed by translocations.

These 23 parental inbred lines were used to create a multi-parent recombinant

inbred line (RIL) population using a double round robin (DRR) crossing scheme.

The population is made up of 45 sub-populations that each have a unique com-

bination of parents. The DRR population was created, among other things, to

investigate the variation of crossing over (CO) events between sub-population.

Recombination is, like most biological processes, a regulated system. If informa-

tion from the parental inbreds could be used to predict the recombination behavior

of the offsprings, that would help plant breeders to select the most appropriate

parental lines for crossing.

Previous research indicated that methylation and genomic variance affect the
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1 Summary

rate and distribution of CO events on a mechanistic level. We therefore used the

SV data described above in addition to methylation data for the 23 parents to

investigate their impact on meiotic recombination in the DRR population. We

found CO hotspots predominantly in proximity to genes with low methylation

flanked by large regions of highly methylated DNA. Furthermore, CO was posi-

tively correlated with low to medium SV rates. However, SV rates above a certain

threshold did not increase the rate at which CO events occurred. We conclude

that the recombination landscape is highly predictable in our RIL population on

the basis of the parental SV and methylation pattern.

This finding supports breeders in the essential task of choosing the right

parental lines for crossing. However, an additional aspect in cross-based breed-

ing projects is the correct selection of crosses in the process of narrowing down

candidate genotypes. One of the most costly factors during this process is the cul-

tivation and phenotyping of large populations, and genomic selection (GS) can be

used to reduce costs by reducing the number of individuals that are phenotyped.

Therefore, cost efficiency is an important factor in GS, and genotyping must be

significantly cheaper than phenotyping for GS to be useful.

We had success performing GS using SV and gene expression data in the

parental lines, leading us to evaluate the possibility of cost-effective alternatives

to SNP based genotyping in the RIL population. Despite the fact that SV showed

the largest GS potential in the parental lines, it is not possible to generate SV

data based on NGS data for a large offspring population cost effectively. We

therefore focused on RNA sequencing (RNA-Seq) and investigated the possibility

of generating RNA-Seq data for the progenies in such a manner that would be

price-competitive with SNP array data generation.

Our manual library preparation miniaturization approach reduced the con-

sumable costs for RNA-Seq data generation by up to 86.1% compared to the gold

standard. Up to 54.5% of these cost savings were realized by miniaturization alone.

We rigorously tested the quality of the data produced by the workflow and com-

pared it to libraries without miniaturization, and determined that the quality was

not negatively impacted by the miniaturization. However, we found that manual

miniaturization is limited by the minimal volume that can be accurately pipetted

manually before it leads to an increase in variability between samples.

With this workflow, we successfully established a method for generating RNA-

Seq data for a competitive price. Therefore, we continued investigating the GS

performance of RNA-Seq data in the DRR population. Similarly to the results

for the parental lines, we were able to show for three sub-populations that RNA-

Seq data can be successfully used to predict a broad set of agronomic traits. We

improved the prediction ability of the RNA-Seq gene expression (GE) and SNP

2



1 Summary

datasets by quality and function filtering. The combination of RNA-Seq SNP and

GE did not result in the expected increase in GP performance. Furthermore, GP

performance depended on the trait and was highest when training and testing set

were closely related. We achieved the highest prediction ability, exceeding the

GP performance of the SNP array, when combining the RNA-Seq SNP with the

parental SNPs extracted from the same dataset that was used to identify SV.

In general, we were able to show that a diverse set of additional information

for parental genotypes can benefit a modern breeding project at multiple points.

We also developed RNA-Seq based GS prediction alternative, creating a more

flexible and in certain scenarios more cost-effective way to do GS. This sets the

groundwork for further research and development of a new tool set that fully

utilizes the advancements in sequencing technology.
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2 General Introduction

Plant breeding history and the cultivation of bar-

ley

Barley is a crop plant of global agricultural importance (Newton et al., 2011;

Visioni et al., 2023). In 2023, barley was the crop with the fifth largest area

harvested world wide, after wheat, maize, rice, and soy beans (FAOSTAT). The

continuous increase in human population and the increase in per capita crop

demand create the need for agriculture expansion (Tilman et al., 2011; Lenaerts

et al., 2019). The negative ecological impact due to land clearing is substantial

and will continue to increase in the future (Burney et al., 2010; Zabel et al.,

2019). This is why improving crop yield is an essential part to ensure future food

security (Burgess et al., 2023). Furthermore, climate change will increase the

need for drought and heat-stress tolerant crops (Ameer, 2024), for which barley

is a promising candidate (Abdelghany et al., 2024).

Domestication and early plant breeding

Around 10.000 year ago, barley (Hordeum vulgare) started to be domesticated

from its wild relative Hordeum spontaneum, which is indicated by archaeological

sites in the Fertile Crescent (Badr et al., 2000). Therefore, barley was one of the

first crops that was domesticated by humans (Pourkheirandish and Komatsuda,

2007). The first steps of human civilization into agriculture focused on the

production and propagation of crops to secure a reliable food source that allowed

permanent settlements (Purugganan and Fuller, 2009). Over time, people started

to select desirable traits including shorter life cycles, high resistance to biotic

and abiotic stresses, and higher food content (Wieczorek, 2012). This process

was carried out in many regions of the world independently of each other.

Over the span of thousands of years, wild crop species were transformed into

many different landraces, which were adapted to regional environments. The

landraces were then further domesticated into cultivated varieties, or cultivars, by

phenotypic selection. During this time, farmers relied on observation and practical

experience alone to produce crop improvements. They were able to fundamen-

tally alter crops without knowing the biological systems in control (Bennett, 2010).
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2 General Introduction

Scientific plant breeding

Scientific plant breeding found first commercial success in the early 20th century

after multiple scientific discoveries in the later half of the 19th century. Most

importantly, by Mendel describing Mendelian inheritance (Mendel and Bateson,

1925) and Darwin’s work on cross- and self-fertilization (Darwin, 1900). The new

found knowledge about the genetic makeup of gametes, sexual reproduction, and

the mechanisms behind different mating systems enhanced the ability of breeders

to create and maintain cultivars and revise the seed production system (Bradshaw,

2017).

The pioneering work of Thomas Hunt Morgan in the field of genetics in the

early 20th century was the unification of the chromosomal and Mendelian theory

(Morgan et al., 1923). A couple years later, in the 1920s, Hermann Joseph Muller

conducted a series of experiments in which he was able to show the mutagenesis

of chromosomes. The inheritance of these mutations identified the chromosome as

the structure which harbor genes (Muller, 1927, 1928) During this period, it was

unclear what a gene was and researchers had different theories. Based on their

background, a gene was seen as a unit of inheritance, a unit of recombination,

and a unit of mutation, which were not necessarily seen as mutually exclusive

(Gayon, 2016). DNA was discovered as hereditary material with the emergence of

molecular genetics (Avery et al., 1944). Advancements in the 1950s including the

discovery of the structure of DNA by Watson and Crick (Watson and Crick, 1953)

and later the decryption of the genetic code (Crick et al., 1957) formed the basis

for the modern concept of genes.

All the new knowledge and tools established since the early 20th century ap-

plied to the field of plant breeding increasing the ability to modify crop plants.

Nevertheless, already early in the 20th century it became clear that not all phe-

notypes follow the categorical manifestation proposed by Mendel. And after early

success in plant breeding by selecting for Mendelian traits, for example many dis-

ease resistance genes, it became clear that most agriculturally important traits are

polygenically regulated and heavily influenced by environmental factors (Mochida

et al., 2020; Zhang et al., 2020). Because of that, these trait show a continuous

distribution of trait values. Such traits are termed quantitative traits. The plant

response to abiotic stresses and yield traits fall into this category and are of highest

importance in future breeding efforts (Friedt and Ordon, 2022).

Early quantitative genetic research developed in parallel to Mendelism from

the early to mid 20th century. It was able to use the new found knowledge to

create specialized methods to improve the field of plant breeding, leading to some
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2 General Introduction

of the most significant milestones in the 20th century and the Green Revolution

(Khush, 2001). The term Green Revolution summarizes a number of key achieve-

ments in plant breeding during the 1960s and 1970s, including the development

of hybrid maize, high-yielding semi-dwarf wheat, and high-yielding short-statured

rice (Hargrove and Cabanilla, 1979; Dalrymple, 1980; Duvick and Cassman, 1999).

This era was marked by international public goods institutions that filled the

gap left behind by profit-driven private companies. Institutions such as the Inter-

national Maize and Wheat Improvement Centre (CIMMYT), the International

Rice Research Institute (IRRI) and the Consultative Group on International Agri-

cultural Research (CGIAR) invested in fundamental and diverse plant breeding

research to produce public resources and goods without the need to profit from

it afterwards (Pingali, 2012). This had a positive global impact by lowering food

prices and reducing poverty by increasing grain yield from publicly available crop

germplasm.

Since then, advances in molecular biology and biotechnology from the 1990s

to today have been heavily focused on the genome. In this post Green Revolution

era, plant breeding was changed by high-throughput genotyping, leading to

genotype-based selection (marker assisted selection; MAS) and targeted genome

modification technologies (e.g. CRISPR-Cas9) (Tahakik et al., 2024). In this era,

genetic engineering is the next step in scientific breeding to ensure a continued

increase in yield and adaptation of crops to changing environmental conditions. It

comes with its own challenges, including the conflict between capitalistic interests

of companies and the inequality of access to high-yielding crops by farmers in

developing countries. Additionally, new technologies need to be accepted by the

public and consequently local governments to find broad application and success

(FAO, 2004).

Creating diversity: Meiotic recombination

Sexual reproduction has a multitude of beneficial effects for plants. It enables

increased genetic diversity by random shuffling of parental alleles and enhances

this effect by meiotic recombination (Peck, 1994). Subsequently, this diversity

can be used to adapt to changing environments or to occupy a more beneficial

ecological niche (Lei, 2010). Sexual reproduction was also shown to avoid the

accumulation of deleterious mutations while promoting even rare beneficial

mutations (Peck, 1994). The driving force behind the evolution of all biological

organisms is natural selection, as was postulated by Darwin (1859) in year 1859.
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2 General Introduction

The genetic background of natural selection was completely unclear at that time.

However, we now know that selection leverages the phenotypic diversity caused

by genotypic variation within the population. Genotypic variation is created and

maintained within plant populations primarily by mutation and recombination.

Mutations and structural variances, large-scale genome alterations between

individuals, are discussed in more detail later in the introduction.

Meiotic recombination and transposable elements in barley

The genome is mainly restructured by meiotic recombination and non-homologous

relocation, swapping large sections of the chromosomes (Parks et al., 2015). How-

ever, many of the large plant genomes are mainly comprised of transposable ele-

ments that contributed significantly to genome restructuring (Lee and Kim, 2014).

In barley, more than 80% of the genome sequence is derived from transposable el-

ements (Mascher et al., 2017). A total of 350 different families of transposable

elements (TE) were identified in barley, most TE belong to the superfamily Gypsy

or Copia which are both long terminal repeat (LTR) retrotransposons (Wicker

et al., 2017). TE were shown to accumulate in specific chromosomal regions that

can be different between families and change the impact they have on the plant.

Retrotransposons are one of the main driving factors behind the increase in the size

of plant genomes (Bennetzen and Kellogg, 1997). Further investigation of the most

prevalent single TE family BARE1 showed that recombination can limit the in-

crease in genome size caused by retrotransposons in grass species. Recombination

events have the opportunity to separate the active elements of retrotransposons

and therefore inactivate them (Vicient et al., 1999).

While this inactivation mechanism is a relevant side effect of meiotic re-

combination in grass species rich in TE, the major beneficial effect of meiotic

recombination is the increase in variability between offsprings to expand the

genetic diversity within the population. Increasing knowledge of the mechanisms

behind meiotic recombination is important for plant breeding. For example, the

ability to increase meiotic recombination could improve the efficiency of backcross

schemes (Schuermann et al., 2005).

The molecular biology behind meiotic recombination

The molecular biological pathways leading to meiotic recombination as a result of

crossing over are the subject of ongoing research. The process of meiotic recombi-

nation starts with a deliberate double-strand break, followed by resection, which

creates single-strand DNA by degrading the 5’ end on both sides of the double
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2 General Introduction

strand break. This is followed by the strand invasion of the homologous chromo-

some by the ssDNA overhang, forming a displacement loop structure. Afterward,

DNA polymerase synthesizes the previously degraded part of the invading strand.

The synthesis incorporates the sequence of the homologous chromosome into the

invading strand. After complete synthesis of the invading strand, two pathways

are possible.

First, during the double-strand break repair (DSBR) pathway, both chromo-

somes remain connected to each other and form a double Holliday junction. The

Holliday junction is formed by the first 3’ overhang of the invading strand after

complete synthesis, and the second Holliday junction is formed by the second 3’

overhang after binding to the free strand of the homologous chromosome.

Second, during the synthesis-dependent strand annealing (SDSA) pathway, the

Holliday structure resolves after the DNA synthesis of the invading strand. The

synthesized strand anneals to the 3’ overhang of the broken chromosome. The

remaining single-strand DNA gap is repaired by ligation, restoring the double-

stranded chromosome. During SDSA meiotic recombination is not possible. In

case of the DSBR pathway, meiotic recombination is the most likely outcome but

depends on how the double Holliday structure is broken up. If on both sides the

crossing strands are cut, no crossing over occurs.

Independently from pathway and crossing over event, at least a limited non-

reciprocal exchange of genetic information is facilitated. This information transfer

is called gene conversion (GC). GC is the process in which two highly homologous

but unique sequences are reduced to a single unique sequence after double strand

break repair. In the repair process, the acceptor strand is partly degraded and

afterwards recreated using the donor strand sequence as template. During meiosis

the acceptor and donor strands are provided by two homologous chromosomes, and

in the case of an allelic difference, gene conversion is responsible for the removal

of unique alleles.

Studies suggest that meiotic recombination pathways and double strand break

repair systems are finely regulated and facilitated by multiple similar proteins

for which some are involved in multiple of the above mentioned pathways (Chen

et al., 2007).

Crossing over frequency and distribution in plants

As described above, not all double-strand repairs result in crossing over events.

The average number of crossing over (CO) events per chromosome is four or less

for 84% for a variety of eukaryotes, as reviewed by Mercier et al. (2015). The

number of DSB during miosis is many times higher (Choi and Henderson, 2015).
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2 General Introduction

Most of the DSB that do not result in CO follow the SDSA pathway (McMahill

et al., 2007). Although the recombination rate varies in the intra- and inter-specific

context, the range between the minimal and maximal recombination rate appears

to be relatively universal (Ritz et al., 2017). A single crossing over event is consid-

ered obligatory because both recombination and miosis are mechanistically linked

through the formation of chiasmata. Chiasmata, specialized chromatin structures

that connect homologous chromosomes during recombination, are formed to allow

chromosome segregation during meiosis I (Pollard et al., 2017; Ritz et al., 2017).

The maximum number of COs is primarily limited by the inability of two cross-

ing over events happening near each other. This is called crossing over interference

and should space out the crossing over events across the chromosome (von Diez-

mann and Rog, 2021). Despite this limitation, an increase in CO events could

accelerate breeding programs. Understanding the underlying mechanisms of the

CO rate and CO distribution is therefore an important goal.

Studies in Arabidopsis showed that CO hotspots were associated with low nu-

cleosome density and low DNA methylation regions. CO also increased in prox-

imity to gene promoters (Choi et al., 2013). The positive correlation between

gene density and recombination rate in plants was shown multiple times (Paape

et al., 2012; Silva and Grattapaglia, 2015; Gion et al., 2016; Wang et al., 2016;

Apuli et al., 2020), which would support that the results in Arabidopsis are more

broadly applicable. Some earlier studies have concluded that CO events occur

predominantly in regions with low gene density (Giraut et al., 2011; Yang et al.,

2012). The correlation can also change according to the method used, as was

shown in Hassan et al. (2021). There is also evidence that epigenetic modification

and therefore DNA methylation have a direct impact on the recombination rate

(Migicovsky and Kovalchuk, 2013).

Previous research is inconclusive if sequence variance (e.g. SNP) would nega-

tively or positively correlate with CO rate. On the one hand, it is plausible that

the variation between homologous sequences hinders the homology search and re-

duces the binding efficiency during strand inversion (Henderson, 2012). However,

multiple studies report a positive correlation between CO rate and SNP density

(Saintenac et al., 2011; Salomé et al., 2012; Yang et al., 2012; Bauer et al., 2013;

Jordan et al., 2018; Marand et al., 2019). The negative effect of sequence variance

on CO could only apply after surpassing a critical threshold, which is supported by

studies in Arabidopsis (Blackwell et al., 2020; Hsu et al., 2022). An additional as-

pect which complicates the comparison of most studies in this field is the disparity

in the resolution of the underlying genetic map. A low-resolution genetic map is

not able capture a complete picture of the recombination landscape and will miss

CO events. Many high-resolution studies are conducted in Arabidopsis (Lu et al.,
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2 General Introduction

2012; Sun et al., 2012; Yang et al., 2012; Wijnker et al., 2013; Rowan et al., 2019;

Fernandes et al., 2024) and some of the most important crops like wheat (Jordan

et al., 2018), maize (Li et al., 2015; Rodgers-Melnick et al., 2015), and rice (Si

et al., 2015; Marand et al., 2019). For barley, multiple studies investigate meiotic

recombination on a broad genomic scale (Higgins et al., 2012; Dreissig et al., 2019,

2020; Casale et al., 2022).

This thesis tried to add to the current research on this topic. The contradictory

results of previous studies regarding the correlation of CO and genomic features

creates the necessity to further investigate this association at the species level.

Furthermore, because most reported recombination rates in barley are based on

coarse genomic maps, the high-resolution genetic map created in this study will be

beneficial for future research evaluating the complete genetic variation generated

during meiosis.

Creating diversity: Genomic variation

Mutations are a natural occurrence in all biological organisms and ensure

variability which is leveraged by evolutionary processes to increase the fitness of

the population over time. Mutations can occur spontaneously in the cell caused

by DNA oxidation or are introduced by errors during DNA replication and

DNA repair. Mutations can also be caused by external factors, called mutagens,

which can be chemicals or radiation (Brown, 2002). The mutation rate is lim-

ited by DNA repair processes and can vary greatly between species (Danovi, 2023).

Mutation types and their effects

Mutations can be categorized by size and effect on the genome sequence. Large-

scale mutations include chromosomal deletions, duplications, translocations, and

inversions. Duplications can be further categorized into interspersed duplications

and tandem duplications, which can lead to copy number variation (CNV) (Grif-

fiths et al., 2020). All mutations that include more than 50 bp are categorized as

structural variance (SV) (Mahmoud et al., 2019).

Small-scale mutations include insertion, deletion, or substitution of one or a

few nucleotides (Griffiths et al., 2020). Mutations comprised of more than one but

less than 50 bp are classified as small insertions and deletions (InDels). If only

one nucleotide is affected, the alteration is classified as point mutation. Point

mutations occurring in the coding region of the genome can be further classified

on the basis of their effect on the protein sequence (Brown, 2011). Insertions and
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deletions lead to frame-shift mutations by changing the triplet structure of all

downstream codons. A nucleotide substitution can lead to a synonymous sub-

stitution or nonsynonymous substitution. In case of a synonymous substitution,

the substitution did not change the amino acid because of the redundancy within

the genetic code. Non-synonymous substitution can lead to a missense mutation

in which one amino acid is switched for another amino acid, or a non-sense

mutation in which the mutation caused a premature stop signal. Point mutations

in the non-coding region of the genome are considered neutral in this context.

Additionally, mutations can have different effects on the genes in which they are

present, from inactivation of the gene function (loss-of-function mutation) or the

enhancements of the gene function (gain-of-function mutation) (Brown, 2011).

Structural variation detection

The detection of structural variants can be challenging depending on the type of

variation, the complexity of the genome, and the available data. Because SNP data

can also infer additional genomic features beyond point mutations, it was used to

detect structural variation, mainly copy number variations, but was limited by

the available marker data (Bickhart and Liu, 2014). This is why SV detection

nowadays is mostly based on sequencing data.

Fundamentally, SV are identified by comparing two DNA sequences. A com-

plete and genome-wide characterization can therefore only be achieved by an-

alyzing whole genome sequencing data, ideally two complete chromosome scale

genome assemblies. Creating a sufficiently complete assembly for large repetitive

plant genomes is difficult and, more importantly, prohibitively expensive (Claros

et al., 2012). This method is therefore almost never used if the primary goal is

structural variation detection. This is especially true for barley, considering that

the first chromosome scale assembly was created with considerable effort in 2012

(Mayer et al., 2012). Because of that, complete and reliable chromosome scale

genome assemblies are still rare. However, a single reference sequence is available

for many species that can be used to facilitate SV detection.

The reference can be used to map the sequencing output directly and infer

the genome-wide structural variation compared to the reference sequence. In

this scenario, compared to the use of two assemblies, the detection of structural

variance is much more difficult due to multiple factors (Mahmoud et al., 2019).

First, depending on the sequencing data available, the structural variance could

be larger than the read itself, and therefore large structural variances cannot be

characterized by a single read in isolation (e.g. assembly of the larger structure

of the genome around the SV). Second, sequencing errors can obscure the real
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2 General Introduction

underlying SV pattern. Third, structural variance can overlap and nest within

each other, which is a general difficulty but is even more pronounced when looking

at a narrow context. Due to the difficulties mentioned above, it is preferable to

use long read data for SV calling (Jayakodi et al., 2024). However, the creation

of long read data is still more expensive than short read data and in a highly

competitive field, like plant breeding, the most cost-efficient data type has the

biggest chance to be integrated into a breeding project. From the above-described

challenges arises the need for a thorough investigation of the available tools to

use short read data for SV calling to identify the best workflow for each type of SV.

Structural variation in quantitative genetics

Based on the early success of GWAS and linkage mapping, the association between

agronomic traits and large regions of the genome indicated that SV could be very

useful as a predictor of quantitative traits (Yuan et al., 2021).

Previous research also suggests that SV may be more likely to have a causal

relationship with phenotypic traits than SNP, which was shown in human research

multiple times (Alkan et al., 2011; Baker, 2012; Sudmant et al., 2015; Schule et al.,

2017; McColgan and Tabrizi, 2018). In plant research, the causal relationship be-

tween phenotype and SV was shown many times. In maize, a SV was strongly cor-

related with alumininum tolerance (Maron et al., 2013). Xu et al. (2012) showed

that a SV in rice plays a central role in domestication and disease resistance.

In wheat SVs were identified to correspond to plant height (Li et al., 2012) and

heading date (Nishida et al., 2013). Research in barley shows an association be-

tween boron toxicity tolerance (Sutton et al., 2007) and disease resistance (Munoz-

Amatriain et al., 2013) and SV. In recent years, many more studies evaluated SV

in a pan-genome context by utilizing NGS data. For example, the influence of SV

on disease resistance in wheat (Walkowiak et al., 2020), Brassica napus (Dolataba-

dian et al., 2020), and Brassica oleracea (Golicz et al., 2016; Bayer et al., 2019),

flavor and fruit size in tomato (Gao et al., 2019), and stress response genes in rice

(Fuentes et al., 2019). Alonge et al. (2020) was able to detect haplotypes in potato

that were not found in previous GWAS using SNP marker data. This indicates

that SV is able to identify unique associations and is best used complementary to

SNP based analysis. Comparing the ability of SV and SNP to predict trait data

as part of a genomic prediction cross-validation scheme can further illuminate the

unique benefits of using SV to assess quantitative traits.

This thesis tried to add to the current research on this topic. The only data

available from a genome-wide SV study in barley focused on large SV. Therefore,

our comprehensive set of SV in 23 diverse spring barley accessions is a beneficial
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2 General Introduction

resource for future barley research. The role of SV in gene regulatory mechanisms

and the ability of SV to predict quantitative traits was examined, both of which

are mostly unexplored topics in small grain cereals.

Methods in quantitative genetics and plant breed-

ing

One of the most significant points of convergence between Mendelian genetics

and quantitative genetic research are point mutations. Point mutations, in this

context often described as single nucleotide variation (SNP), can be beneficial or

detrimental to the organism (Kono et al., 2016). While the beneficial mutations

become fixed within the population, detrimental mutations are generally excluded

from the gene pool (deleterious mutations), both through the process of natural

selection (Kono et al., 2016). In Mendelian genetics, the search for direct and

causal links between these mutations and phenotypes was a primary goal in the

last decades. As mentioned above, plant breeding benefited from these findings

by facilitating the improvement of Mendelian inherited agronomical traits. For

quantitative traits on the other hand, no single gene regulates the target traits

and it was therefore impossible to create a link in the same fashion. Therefore,

in the field of quantitative genetics, these mutations were seen from a different

perspective. SNPs were recognized as genomic markers that indicate the genetic

background of the genome surrounding them. Many such markers throughout the

genome create a genetic map that captures the broad genomic structure.

Multiple alternative marker types were used before the SNP marker became

the standard marker type in plant breeding, including simple sequence repeats

(SSRs or microsatellites) and restriction fragment length polymorphisms (RFLP).

The first SNP microarray was developed in 1996 for humans by Affymetrix (USA).

It captured 1494 SNPs and similar arrays were quickly created for the purpose of

plant breeding research.

SNP arrays allowed for excellent scalability and therefore large-scale implemen-

tation. One of the first methods that leveraged the scalability was genome-wide

association studies (GWAS). The goal of GWAS was to find significant associa-

tions between genetic variations and a target trait in a large number of diverse

individuals. The region in the genome that shows significant association is called

quantitative trait locus (QTL). GWAS in its simplest form is a statistical test for

a correlation between the marker allele and the trait expression at each marker

position to identify QTL.

The advent of SNP arrays also affected related methods that previously used
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different markers such as microsatellites, RFLPs, and transposable element posi-

tions (Miles and Wayne, 2008). The advantage of SNP compared to SSR is the

frequency in which they occur in plants. SNP based analysis therefore profited

from a higher density of markers which was more or less necessary when compar-

ing a highly diverse set of individuals in GWAS, but was also highly beneficial in

linkage mapping.

In contrast to association mapping in GWAS, linkage mapping does not rely

on natural occurring genetic variation within individuals to find QTL, but on

the recombination of parental polymorphic marker. The mapping population is

limited to two alleles and the linkage between the markers is dictated by the

recombination, leading to slower LD decay compared to association mapping. The

observed link between trait and DNA marker, in the form of QTL, allowed breeders

to leverage marker-assisted selection (MAS) (Fernando and Grossman, 1989; Lande

and Thompson, 1990; Dekkers and Hospital, 2002). In many scenarios where the

phenotype is difficult and/or expensive to assess, it is more efficient for breeders

to use marker data to select candidates (Budhlakoti et al., 2022). SNP arrays

enabled fast and cost-efficient genotyping of large populations. The number of

species for which the SNP array is available increased over the years, as did the

marker density (e.g., the number of markers per collection).

MAS is most effective when large effect loci could be identified (Heffner et al.,

2009). At the same time, most of the markers did not show a major marker

trait associations and were therefore not considered by the breeder. Additionally,

agriculturally relevant traits are usually traits controlled by many genes with

only a small effect (Mackay, 2001; Glazier et al., 2002). To be able to better

predict complex quantitative traits with many small-effect loci (Zhao et al., 2014),

genomic selection (GS) was developed (Meuwissen et al., 2001). In contrast

to MAS, GS estimates breeding values based on the complete set of available

marker data. This shift towards GS was supported by the increasing availability

of high-density genome-wide marker data.

Genomic selection: Current state and recent ad-

vancements

The concept behind genomic selection

In genomic selection, a differentiation is made between training set and a testing

population. Most often, both are subsets of a single breeding population or are in
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other ways closely related (Alemu et al., 2024). For the training set, both genotypic

and phenotypic information is available, while for the testing set, only genotypic

data is collected.

The first step in genomic selection is to train a predictive model using the

genotypic and phenotypic data of the training set. This model can be a linear

regression model, Bayesian model or non-parametric model. A method that is

often applied in plant breeding uses a linear regression model based on best linear

unbiased prediction (BLUP) to predict the trait (Henderson, 1984). A variant of

the BLUP method, genomic best linear unbiased prediction (gBLUP), utilizes a

variance-covariance matrix that represents the genetic differences between indi-

viduals based on marker data (Clark and Van Der Werf, 2013). In gBLUP, the

variance-covariance matrix, also called the genetic relationship matrix, is tradi-

tionally created using SNP marker data. However, any type of data describing an

heritable relationship between individuals in a population could be used to create a

similar matrix. Next, the model is used to estimate the trait values for the testing

set based only on the genotypic information (Merrick and Carter, 2021). Lastly,

the trait value estimates can be used to calculate the genetically estimated breed-

ing value (GEBV). GEBV describes the genetic potential for a heritable trait and

is helpful for the breeder to select the most promising individuals in the breeding

population for further propagation.

To evaluate the prediction ability in a research context, sets of individuals

for which both genotypic and phenotypic information is available are artificially

segmented into testing and training set to simulate the scenario described above.

The method most commonly used for these validation runs is the k-fold cross

validation. K-fold cross-validation splits the population into k equal sized parts.

For example, 5-fold cross-validation divides the entire population into 5 parts

with 20% of the data included in each part. For the individuals of one part, the

phenotypic data is removed, creating the testing set. The remaining parts build

the training set which is then used to predict the testing set trait values. Finally,

the predicted trait values are correlated with the removed trait data to estimate

the prediction ability for the applied model.

If the predictions are accurate, the breeder is able to potentially reduce

costs by decreasing the number of individuals that had to be phenotyped

and the number of plants that had to be planted in the field (Wang, 2023).

Individuals in the test set can be genotypes based on a small amount of young

plant material, which means that cultivation is much more time and space efficient.

The broadening and evolution of GS: The transcriptome
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Advancements in sequencing technology brought new alternatives to the SNP

marker (e.g., sequencing genotyping) that made GS more broadly applicable (Bhat

et al., 2016). But sequencing technology not only creates new types of genomic

datasets, it also opens up the possibility for non genomic data sets, for example the

transcriptome. Additionally, non-sequence datasets such as the metabolome can

be used for GS. Both the transcriptome and the metabolome represent intermedi-

ate regulatory stages between genome and trait manifestation and therefore have

unique potential to add to the ability to predict the trait using genomic selection.

The transcriptome can be quantified using a microarray or mRNA sequencing

(RNA-Seq). RNA microarrays are less versatile than RNA-Seq data, for example,

because RNA-Seq data also include sequence information from which sequence

variant data can be extracted. Both SNP and InDels found in the transcribed

portion of the genome, as well as the normalized gene expression values, can be

used to create the genetic relationship matrix (Azodi et al., 2020; Weisweiler et al.,

2019).

Several plant breeding studies suggest that including transcriptome and

metabolome (multi-comics) data in GS has the potential to increase prediction

abilities. Combining transcriptomic, metabolomic, and genomic markers data in-

crease prediction ability in diverse maize inbred lines (Guo et al., 2016). Hu et al.

(2021) used transcriptomic and metabolomic data to compare single-environmental

trails with multi-environmental trails in oat. In addition, a multi-omics study in

wheat found that adding incomplete RNA-Seq data to complete genomic marker

data helped to assess disease resistance phenotypes Michel et al. (2021). Only re-

cently have studies emerged using multiomics GS in barley (Wu et al., 2022). Most

available research uses diversity panels to test the GS potential (Hu et al., 2021;

Michel et al., 2021; Westhues et al., 2019; Schrag et al., 2018; Westhues et al., 2017;

Guo et al., 2016). And yet, most breeding projects center around large half-sib or

full-sib populations for which the GS potential has not yet been validated.

Besides the multi-omics approach to GS there are multiple additional advance-

ments in thisfield. For example, the prediction ability of multivariate GS models

could be increased by including high-throughput phenotyping data as a predictor

(Rutkoski et al., 2016). Furthermore, multi-trait GS models (Tsai et al., 2020;

Lyra et al., 2017; Jia and Jannink, 2012) and multi-environmental GS models (Hu

et al., 2023; Li et al., 2019) expanded on the traditional GS framework. Most

recently, machine learning algorithms have been leveraged to further increase the

performance of GS models (Sandhu et al., 2021; Montesinos-Lopez et al., 2021;

Bayer et al., 2021; Washburn et al., 2020; Harfouche et al., 2019).

This thesis tried to add to the current research on this topic. The amount of

multi-omics GS research in barley is very limited and to the best of our knowledge,
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no previous research investigated the multi-omics GS for a breeding population.

Additionally, most multi-omics studies do not fully utilize the RNA-Seq data. Our

investigation of the prediction ability potential of RNA-Seq data of three partially

related spring barley RIL populations, which include functional parameter filtering

and quality filtering, is therefore highly relevant.

RNA-Seq in the context of plant breeding

Cost-efficient creation of NGS data

Next-generation sequencing (NGS) sequencing has become an integral part of many

projects related to genetics, genomics, and transcriptomics based on continuous

advances in the field over the last 20+ years (Elaine, 2011; McCombie et al., 2019).

However, in competitive fields such as plant breeding, multiple factors hinder the

broad adoption, despite the fact that sequencing costs are steadily decreasing (Kris,

2021).

In European spring barley breeding for example, a broad research background

on a large spring barley accession diversity set laid the foundation for a robust and

good performing 50k SNP array (Bayer et al., 2017), which is now well established

and has proven itself to be useful in breeding. It is also available for only a fraction

of the price compared to competing NGS based datasets. Every NGS workflow has

to therefore compete in price or present advantages which would justify the price

increase. The price gap between WGS and SNP array genotyping is too large to

be bridged at the moment. Therefore, multiple NGS-based genotyping tools were

developed to reduce complexity and costs, for example, reduced-representation

library (RRL), restriction-site-associated DNA sequencing (RAD-seq), and Geno-

typing by sequencing (GBS) .

The need for complexity reduction is greatest in plant species that have com-

paratively large genomes, including barley. In contrast to the highly variable

genome size of plant genomes, the size of the transcriptome is relatively stable

and much smaller. In barley, the exome is 61.6 Mbp (Hisano et al., 2017), which

is only around 1.2% of the estimated whole genome size (Mascher et al., 2017).

Additionally, the transcriptome is a biologically highly relevant sequence subset

and therefore an interesting alternative approach to reduce costs of NGS-based

genotyping.

The most cost-effective way to generate short read sequencing data is on the

largest sequencing platforms which generate more than 1000 Gbp of data per

run. For reduced complexity sequence datasets like RNA-Seq, this amount of
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sequencing data is sufficient for multiple samples leading to the next cost-saving

approach: multiplexing. The principle behind multiplexing is to reduce costs by

combining multiple samples prior to sequencing. Each sample within these sample

pools is uniquely labeled and can be separated after sequencing. The number of

samples in each pool can vary and is usually limited only by the combination of

unique bar codes available. This can be used to optimize the sequencing data

output per sample and aim for the highest possible cost reduction based on the

project requirements.

However, sequencing data are only one of two main contributors to the overall

costs of RNA-Seq data. The second contributor is sample preparation, and here

mainly library preparation. Based on the above-described concepts, the sequenc-

ing costs itself can be greatly reduced assuming a equivariant cost reduction is

possible for the library preparation enabling the generation of RNA-Seq data at

lower costs than SNP Array data. To further maximize the cost-saving potential,

the sequence library complexity is further reduced by 3’ or 5’ end enriched

RNA-Seq (Joseph et al., 2019; Luisa et al., 2019; Jeffery et al., 2019; Evan et al.,

2015). Traditionally, all transcribed mRNA sequences are used to create library

fragments. After random fragmentation of the transcripts, the library fragments

are created and sequenced. Finally, sequencing reads can be used to recreate

full-length mRNA sequences. The end enriched RNA-Seq approach creates library

fragments only from the end pieces of the transcript, most often the 3’ end of the

transcript which can be easily captured based on the poly-A tail. This removes

the possibility of recreating the sequence of complete mRNA molecules, but the

ability to assess the relative abundance of the transcript is retained.

Reducing library preparation costs

The pressure to reduce costs increases with the number of samples. This challenge

emerges in more and more research fields, for example, in single cell RNA-Seq,

but also in plant breeding because most quantitative genetic analysis relies on a

high sample count to ensure statistically meaningful results. The above-described

multiplexing is able to reduce the costs of sequencing but traditionally does not

reduce the library preparation costs because the attachment of the unique bar code

is added towards the end of the library preparation process. Moving the bar coding

to the start of the library preparation process means that the sample pool can be

created early (early multiplexing), and the number of reactions for all follow-up

steps are significantly reduced. It therefore has the potential to significantly reduce

material and labor costs and the earlier the multiplexing, the higher the benefit.

Early multiplexing is often combined with 3’ end-enriched RNA-Seq to max-
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imize cost reduction (Daniel et al., 2019; Johannes et al., 2018; Tamar et al.,

2016; Soumillon et al., 2014). This type of workflow modification was initially

published as customized protocols and required significant time investment to be

implemented. Some became available as commercial services since the initial pub-

lication. The service can be more easily integrated into a breeding project, but the

potential for cost savings is reduced compared to the independent implementation

of the customized protocol.

However, in plant breeding, genomic variation is traditionally used as a

marker in various quantitative genetic analyzes, the fact that RNA-Seq can

provide sequence variance data for the expressed part of the genome on top of the

gene expression data is highly valuable. Therefore, the end-enriched RNA-Seq

approach is potentially less suitable in this context.

Library miniaturization

An additional approach to reduce sample preparation costs is library miniaturiza-

tion. Miniaturization describes the systematic reduction of all reaction volumes

that are part of the library preparation workflow. This leads to a significant re-

duction in material costs and can be combined with automatization, which further

reduces costs by reducing hands-on time. Library miniaturization is easy to im-

plement using commercially available library preparation kits, which makes it an

achievable alternative to standard in-house sample preparation. Therefore, the

potential cost savings would not be reduced by commissioning the sample prepa-

ration.

Most studies evaluating the miniaturization potential of commercial library

preparation protocols use advanced liquid handling automatization to achieve high

reproducibility when transferring small volumes (Baptiste et al., 2020; Samuel

et al., 2020; Madeline et al., 2019; Sergio et al., 2016). The miniaturization factor

is determinant by technical limitations, for example, minimal transfer volumes,

and can be as high as 1:10, which reduces the material costs for library prepa-

ration to 10% of the initial costs. At the same time, the liquid handling robots

reduce the hands-on time and therefore labor costs. However, initial investments

in acquiring laboratory equipment to automate library preparation are in most

cases prohibitively expensive. Even if the initial investment was possible, it would

offset any potential cost savings for a long time.

An attractive alternative could be manual miniaturization, which would

enable the miniaturization of library preparation without the need for additional

tools. Similarly to the reaction volume, the RNA input and the library output

of miniaturized library preparation are equally effected by the miniaturization
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factor. Although the reduced input amount can have a negative impact on the

library quality by reducing the library complexity, the reduced output is less

important. In most situations, the reduced output is sufficient for at least one

sequencing run, and additionally, the required amount per sample is reduced

when pooling sequencing samples.

Data quality: Library complexity and biases

Library complexity, the final number of unique molecules per library in solution, is

an important quality metric for next-generation sequencing libraries. It represents

the potential of the given library to produce a complete picture of the genome or

transcriptome. Reduced library complexity can be an indicator of problems during

library preparation or insufficient sequencing depth (Rochette et al., 2023).

At multiple points of the library preparation, the loss of unique molecules is

inevitable, based on imperfect recovery rates during mRNA capture and magnetic

bead washing. Additionally, deliberate exclusion of fragments outside the required

size range and incomplete conversion rate during cDNA synthesis. Of cause, each

expressed transcript is present multiple times per cell and, assuming that the

starting RNA was collected from potentially hundreds of thousands of cells, the

loss of fragments during library preparation does not necessarily mean a noticeable

reduction in library complexity. Nevertheless, it is important to note that lowly

expressed transcripts are more likely to be lost during library preparation.

Most often the library complexity is measured based on the sequencing results

and depends therefore also on the sequencing depth, assuming that not all unique

fragments are always sequenced. This is in fact most relevant when it comes to

sequencing the transcriptome cost efficiently. Most highly expressed genes are

easily captured, while less abundant transcripts can only be detected by increas-

ing the sequencing depths. Increasing sensitivity by increasing sequencing depth

inevitably leads to higher duplication rates and an excess of reads from highly

expressed transcripts, making sequencing less cost-effective.

The number of fragments that have to be sequenced to capture a specific

proportion of all unique fragments depends not only on the number of unique

fragments in the library, but also on the average duplication rate of these frag-

ments in the library, which is determined by the amount of input material and the

PCR amplification. Most NGS library protocols include a PCR amplification step

that duplicates available library fragments based on the number of amplification

cycles. These interactions illustrate the importance of balancing the amount of

RNA input, PCR amplification, and sequencing depth to optimize the library

complexity and, therefore, the amount of unique data produced.
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Measuring library complexity

Miniaturization not only reduces the input amount of RNA, but also leads to an

increase in sample-to-sample variation due to more inaccuracies when pipetting

smaller volumes. This makes library complexity an important quality metric for

evaluating the library preparation workflow and is mainly measured by the fol-

lowing two metrics. First, the read pair duplication rate is higher for libraries

with lower library complexity (Adriana et al., 2014). The reduced number of

unique molecules increases the chance that multiple identical library molecules

are sequenced. Second, the number of detected genes is smaller when the library

complexity is low (Elisabetta et al., 2020). Less abundant transcripts can be lost

during library predation and therefore can not be detected afterwards, resulting

in a lower number of detected transcripts. The comparison is most useful when

comparing samples that were created using the same workflow because the library

preparation kit itself was shown to have an effect on library complexity (Louise

et al., 2016). Less RNA input can lead to reduced library complexity as well (Adri-

ana et al., 2014). The same was also shown for the DNA input amount in WGS

experiments Samantha et al. (2020).

Potential library biases, on the other hand, can be introduced as early as the

RNA isolation step. RNA degradation can lead to biased expression levels, as

Irene Gallego et al. (2014) showed by testing samples with various RNA integrity

Number (RIN) values. During library preparation itself, the best documented

step to introduce a bias is the PCR amplification. There, fragment length and GC

biases can be introduced depending on the polymerase used as described by Jesse

and Matthias (2012), which can also impact differential gene expression (DGE)

(Wei et al., 2011). Related biases are related to the sequencing method. Coverage

and error biases vary between different sequencing platforms and are introduced

by the impact of different base composition on the polymerase during sequencing

(Michael et al., 2013).

This thesis tried to add to the current research on this topic. To the best of our

knowledge, almost no research has been published that describes manual library

miniaturization. Furthermore, no comprehensive evaluation of the impact of man-

ual library miniaturization on library complexity and library biases is available.

It is therefore highly beneficial to provide a template for future recreation of the

miniaturization method and also include the necessary data to evaluate the effects

of the miniaturization on the resulting sequencing data.
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Objectives of this thesis

The objective of my thesis was to use advancements in sequencing technology to

create genomic and transcriptomic resources to improve future breeding efforts in

barley. I wanted to achieve this by exploring innovative ways to use structural

variance, methylation, and transcriptome data in a quantitative genetic context.

In particular, the objectives were to:

1. benchmark multiple SV calling workflows and assess the sensitivity and pre-

cision to detect SV in the barley genome,

2. characterize the type and distribution of SV cluster in 23 barley inbreds to

facilitate quantitative traits mapping in the double round robin population,

3. investigate the association between SV clusters and transcript abundance,

4. and evaluate the ability to predict quantitative traits using SV cluster;

5. develop an easy-to-reproduce, manual miniaturized full-length mRNA se-

quencing library preparation workflow to facilitate RNA sequencing data

generation in the context of large breeding populations

6. and investigated the capabilities of manual miniaturization by evaluating

their effect on library complexity and library bias;

7. explore the capabilities of low-cost RNA-Seq data to perform genomic pre-

diction in three barley RIL populations for 8 quantitative traits,

8. optimize the prediction ability potential by combining genomic and transcrip-

tomic data, functional parameter filtering, and empirical quality filtering,

9. and examined multiple additional optimization parameters that lead to cost

and time savings;

10. identify the genomic features that best explain recombination in the double

round robin population,

11. create a high resolution recombination map for that population,

12. and analyze the association of SV and methylation with recombination

hotspots and coldspots.
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Mercier, R., Mézard, C., Jenczewski, E., Macaisne, N., and Grelon, M. (2015).

The molecular biology of meiosis in plants. Annual Review of Plant Biology,

Vol 66, 66:297–327.

Merrick, L. F. and Carter, A. H. (2021). Comparison of genomic selection models

for exploring predictive ability of complex traits in breeding programs. Plant

Genome, 14(3):e20158.

Meuwissen, T. H. E., Hayes, B. J., and Goddard, M. E. (2001). Prediction of total

genetic value using genome-wide dense marker maps. Genetics, 157(4):1819–

1829.

Michael, G. R., Carsten, R., Maura, C., Andrew, H., Niall, J. L., Ryan, H., Chad,

N., and David, B. J. (2013). Characterizing and measuring bias in sequence

data. Genome Biology, 14(5):R51.

Michel, S., Wagner, C., Nosenko, T., Steiner, B., Samad-Zamini, M., Buerstmayr,

M., Mayer, K., and Buerstmayr, H. (2021). Merging genomics and transcrip-

tomics for predicting fusarium head blight resistance in wheat. Genes, 12(1).

Migicovsky, Z. and Kovalchuk, I. (2013). Changes to dna methylation and homol-

ogous recombination frequency in the progeny of stressed plants. Biochemistry

and Cell Biology, 91(1):1–5.

Miles, C. and Wayne, M. (2008). Quantitative trait locus (qtl) analysis. Nature

Education 1(1):208.

Mochida, K., Nishii, R., and Hirayama, T. (2020). Decoding plant-environment

interactions that influence crop agronomic traits. Plant Cell Physiol, 61(8):1408–

1418.

Montesinos-Lopez, O. A., Montesinos-Lopez, J. C., Salazar, E., Barron, J. A.,

Montesinos-Lopez, A., Buenrostro-Mariscal, R., and Crossa, J. (2021). Appli-

cation of a poisson deep neural network model for the prediction of count data

in genome-based prediction. Plant Genome, 14(3).

Morgan, T. H., Sturtevant, A. H., Muller, H. J., and Bridges, C. B. (1923). The

mechanism of Mendelian heredity. New York : Henry Holt and Company.

34



2 General Introduction

Muller, H. J. (1927). Artificial transmutation of the gene. Science, 66(1699):84–87.

Muller, H. J. (1928). The measurement of gene mutation rate in drosophila, its

high variability, and its dependence upon temperature. Genetics, 13(4):279–357.

Munoz-Amatriain, M., Eichten, S. R., Wicker, T., Richmond, T. A., Mascher,

M., Steuernagel, B., Scholz, U., Ariyadasa, R., Spannagl, M., Nussbaumer,

T., Mayer, K. F., Taudien, S., Platzer, M., Jeddeloh, J. A., Springer, N. M.,

Muehlbauer, G. J., and Stein, N. (2013). Distribution, functional impact, and

origin mechanisms of copy number variation in the barley genome. Genome Biol,

14(6):R58.

Newton, A. C., Flavell, A. J., George, T. S., Leat, P., Mullholland, B., Ramsay,

L., Revoredo-Giha, C., Russell, J., Steffenson, B. J., Swanston, J. S., Thomas,

W. T. B., Waugh, R., White, P. J., and Bingham, I. J. (2011). Crops that feed

the world 4. barley: a resilient crop? strengths and weaknesses in the context

of food security. Food Security, 3(2):141–178.

Nishida, H., Yoshida, T., Kawakami, K., Fujita, M., Long, B., Akashi, Y., Lau-

rie, D. A., and Kato, K. (2013). Structural variation in the 5’ upstream region

of photoperiod-insensitive alleles ppd-a1a and ppd-b1a identified in hexaploid

wheat (triticum aestivum l.), and their effect on heading time. Molecular

Breeding, 31(1):27–37.

Paape, T., Zhou, P., Branca, A., Briskine, R., Young, N., and Tiffin, P. (2012).

Fine-scale population recombination rates, hotspots, and correlates of recombi-

nation in the genome. Genome Biology and Evolution, 4(5):726–737.

Parks, M. M., Lawrence, C. E., and Raphael, B. J. (2015). Detecting non-allelic

homologous recombination from high-throughput sequencing data. Genome

Biology, 16(1).

Peck, J. R. (1994). A ruby in the rubbish - beneficial mutations, deleterious

mutations and the evolution of sex. Genetics, 137(2):597–606.

Pingali, P. L. (2012). Green revolution: Impacts, limits, and the path ahead.

Proceedings of the National Academy of Sciences of the United States of

America, 109(31):12302–12308.

Pollard, T. D., Earnshaw, W. C., Lippincott-Schwartz, J., and Johnson, G. T.,

editors (2017). Chapter 45 - Meiosis, pages 779–795. Elsevier.

Pourkheirandish, M. and Komatsuda, T. (2007). The importance of barley genetics

and domestication in a global perspective. Annals of Botany, 100(5):999–1008.

35



2 General Introduction

Purugganan, M. D. and Fuller, D. Q. (2009). The nature of selection during plant

domestication. Nature, 457(7231):843–848.

Ritz, K. R., Noor, M. A. F., and Singh, N. D. (2017). Variation in recombination

rate: Adaptive or not? Trends Genet, 33(5):364–374.

Rochette, N. C., Rivera-Colon, A. G., Walsh, J., Sanger, T. J., Campbell-Staton,

S. C., and Catchen, J. M. (2023). On the causes, consequences, and avoidance

of pcr duplicates: Towards a theory of library complexity. Mol Ecol Resour,

23(6):1299–1318.

Rodgers-Melnick, E., Bradbury, P. J., Elshire, R. J., Glaubitz, J. C., Acharya,

C. B., Mitchell, S. E., Li, C. H., Li, Y. X., and Buckler, E. S. (2015). Re-

combination in diverse maize is stable, predictable, and associated with genetic

load. Proceedings of the National Academy of Sciences of the United States of

America, 112(12):3823–3828.

Rowan, B. A., Heavens, D., Feuerborn, T. R., Tock, A. J., Henderson, I. R., and

Weigel, D. (2019). An ultra high-density arabidopsis thaliana crossover map that

refines the influences of structural variation and epigenetic features. Genetics,

213(3):771–787.

Rutkoski, J., Poland, J., Mondal, S., Autrique, E., Pérez, L. G., Crossa, J.,
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Abstract

Key message  Structural variants (SV) of 23 barley inbreds, detected by the best combination of SV callers based on 

short-read sequencing, were associated with genome-wide and gene-specific gene expression and, thus, were evalu-

ated to predict agronomic traits.

Abstract  In human genetics, several studies have shown that phenotypic variation is more likely to be caused by structural 
variants (SV) than by single nucleotide variants. However, accurate while cost-efficient discovery of SV in complex genomes 
remains challenging. The objectives of our study were to (i) facilitate SV discovery studies by benchmarking SV callers 
and their combinations with respect to their sensitivity and precision to detect SV in the barley genome, (ii) characterize the 
occurrence and distribution of SV clusters in the genomes of 23 barley inbreds that are the parents of a unique resource for 
mapping quantitative traits, the double round robin population, (iii) quantify the association of SV clusters with transcript 
abundance, and (iv) evaluate the use of SV clusters for the prediction of phenotypic traits. In our computer simulations based 
on a sequencing coverage of 25x, a sensitivity > 70% and precision > 95% was observed for all combinations of SV types 
and SV length categories if the best combination of SV callers was used. We observed a significant (P < 0.05) association 
of gene-associated SV clusters with global gene-specific gene expression. Furthermore, about 9% of all SV clusters that 
were within 5 kb of a gene were significantly (P < 0.05) associated with the gene expression of the corresponding gene. The 
prediction ability of SV clusters was higher compared to that of single-nucleotide polymorphisms from an array across the 
seven studied phenotypic traits. These findings suggest the usefulness of exploiting SV information when fine mapping and 
cloning the causal genes underlying quantitative traits as well as the high potential of using SV clusters for the prediction of 
phenotypes in diverse germplasm sets.

Introduction

Researchers began to study genomic rearrangements and 
structural variants (SV) about 60 years ago. These studies 
investigated somatic chromosomes, biopsies, and cell cul-
tures from lymphomas to understand the role of abnormal 
chromosome numbers as well as SV for the development of 
cancer (Jacobs and Strong 1959; Nowell and Hungerford 
1960; Manolov and Manolov 1972; Craig-Holmes et al. 
1973; Mitelman et al. 1979).

The development of sequencing by synthesis pioneered 
by Frederick Sanger (Sanger et al. 1977) enabled in the fol-
lowing years the first sequenced genomes of prokaryotes 
(e.g., Escherichia coli) and eukaryotes (e.g., yeast) (Gof-
feau et al. 1996; Blattner et al. 1997). Next milestones of 
sequencing by synthesis were the sequenced genomes of 
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Arabidopsis thaliana as first plant species (The Arabidopsis 
Genome Iniative 2000) and of human (Craig Venter et al. 
2001). Due to the development of next-generation sequenc-
ing (NGS) platforms such as 454 and Illumina, studies aim-
ing for genome-wide variant detection in 100s or 1000s 
of samples as in the 1000 genome project (Altshuler et al. 
2012) became possible.

Three different approaches have been proposed to detect 
SV based on NGS data: assembling, long-read sequencing, 
and short-read sequencing (Mahmoud et al. 2019). For crop 
and especially for cereal species, the assembly approach 
is a tough challenge because of the large genome size and 
the high proportion of repetitive elements in the genomes 
(Neale et al. 2014; Mascher et al. 2017). Long-read map-
ping requires Pacific Biosciences or Nanopore sequenc-
ing data which results in high costs if many accessions 
should be sequenced and, thus, is not affordable for many 
research groups. In contrast, short-read sequencing is well-
established for SV detection in the human genome (Chais-
son et al. 2019; Ebert et al. 2021). Various software tools 
have been developed to detect SV from short-read sequenc-
ing data and were benchmarked based on human genomes 
(Cameron et al. 2019; Kosugi et al. 2019).

More recently there is also an increased interest in using 
such approaches for SV detection in plant genomes (Fuentes 
et al. 2019; Zhou et al. 2019; Guan et al. 2021). Fuentes 
et al. (2019) evaluated several SV callers to detect SV in the 
rice genome. However, no study evaluated the performance 
of SV callers for transposon-rich complex cereal genomes.

Several studies have examined the distribution and fre-
quency of SV in the genomes of rice and maize (Wang et al. 
2018; Yang et al. 2019; Kou et al. 2020). Despite the impor-
tance of cereals for human nutrition, only Jayakodi et al. 
(2020) performed a genome-wide study on SV in barley, 
with a focus on large SV in 20 barley accessions.

In humans, SV have been described to have an up to ∼
50fold stronger influence on gene expression than single 
nucleotide variants (SNV) (Chiang et al. 2017). SV also 
have been associated with changes in transcript abundance 
in plants such as in cucumber (Zhang et al. 2015), maize 
(Yang et al. 2019), tomato (Alonge et al. 2020), and soybean 
(Liu et al. 2020a). However, the role and frequency of SV in 
gene regulatory mechanisms in small grain cereals is widely 
unexplored.

In humans, several studies have shown that phenotypic 
variation is more likely to be caused by SV than by SNV 
(Alkan et al. 2011; Baker 2012; Sudmant et al. 2015; Schüle 
et al. 2017; McColgan and Tabrizi 2018). In plants, indi-
vidual SV have been associated with traits such as aluminum 
tolerance in maize (Maron et al. 2013), disease resistance 
and domestication in rice (Xu et al. 2012), or plant height (Li 
et al. 2012) and heading date (Nishida et al. 2013) in wheat. 
In barley, individual SV have been associated with traits 

such as Boron toxicity tolerance (Sutton et al. 2007) and 
disease resistance (Muñoz-Amatriaín et al. 2013). In grape-
vine and rice, it has been shown that SV have a low variant 
frequency due to purifying selection (Zhou et al. 2019; Kou 
et al. 2020). However, few studies have examined the ability 
to predict quantitatively inherited phenotypic traits using SV 
in comparison to SNV.

The objectives of our study were to (i) facilitate SV dis-
covery studies by benchmarking SV callers and their com-
binations with respect to their sensitivity and precision to 
detect SV in the barley genome, (ii) characterize the occur-
rence and distribution of SV clusters in the genomes of 23 
barley inbreds that are the parents of a unique resource for 
mapping quantitative traits, the double round robin popula-
tion (Casale et al. 2022), (iii) quantify the association of SV 
clusters with transcript abundance, and (iv) evaluate the use 
of SV clusters for the prediction of phenotypic traits.

Methods

Benchmarking of variant callers for detecting SV 
and INDELs in the barley genome

Computer simulations

We used Mutation-Simulator (version 2.0.3) (Kühl et al. 
2021) to simulate INDELs, deletions, duplications, inver-
sions, insertions, and translocations in the first chromosome 
of the Morex reference sequence v2 (Monat et al. 2019) as 
this was the genome sequence available when our study was 
performed. Furthermore, it is not expected that the reference 
version impacts the results of the simulations. In accordance 
with Fuentes et al. 2019, we considered five SV length cat-
egories for each of the above mentioned SV types (except 
translocations) (A: 50–300 bp; B: 0.3–5 kb; C: 5–50 kb; D: 
50–250 kb; E: 0.25–1 Mb) plus INDELs (2-49bp). Trans-
locations were simulated for 50 bp–1 Mb (ABCDE). We 
simulated SV with a mutation rate of 1.9x10−6 for the SV 
length categories A-C and INDELs, whereas mutation rates 
of 3.8x10−6 and 1.9x10−7 were assumed for SV length cat-
egories D and E, respectively. For each type of SV, we used 
BBMap’s randomreads.sh (BBMap - Bushnell B. - http://​
sourc​eforge.​net/​proje​cts/​bbmap/) to simulate 2x150  bp 
Illumina reads with a sequencing coverage of 1.5x, 3x, 6x, 
12.5x, 25x, and 65x as well as LRSim (version 1.0) (Luo 
et al. 2017) to simulate linked-reads with a sequencing cov-
erage of 14x and 25x. Illumina- and linked-reads were simu-
lated with a minimum, average, and maximum base quality 
of 25, 35, and 40, respectively.
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SV detection

The simulated Illumina reads were mapped to the first 
chromosome of the Morex reference sequence v2 using 
BWA-MEM (version 0.7.15) whereas LongRanger align 
(version 2.2.2) was used for the simulated linked-reads. 
The SV callers Pindel (version 0.2.5b9) (Ye et al. 2009), 
Delly (version 0.8.1) (Rausch et al. 2012), GRIDSS (ver-
sion 2.8.3) (Cameron et al. 2017), Manta (version 1.6.0) 
(Chen et al. 2016), Lumpy (smoove version 0.2.5) (Layer 
et al. 2014), and NGSEP (version 3.3.2) (Duitama et al. 
2014) were used to identify SV based on the mapped 
reads. GATK’s HaplotypeCaller (4.1.6.0) (Poplin et al. 
2017), Pindel, and GRIDSS were used to detect INDELs. 
The workflow was implemented in Snakemake (version 
5.10.0) (Köster et al. 2021). A SV call was only kept if it 
passed the built-in filter of the corresponding SV caller. 
For INDELs and all SV types and length categories, only 
homozygous, alternative variant calls were considered. 
Deletions annotated as “replacement” (RPL) by Pindel 
were removed. We calculated the sensitivity (1), preci-
sion (2), and the F1-score (3) as

 for all combinations of SV types*SV callers, where TP was 
the number of true positives, FP the number of false posi-
tives, and FN the number of false negatives. For INDELs, 
a TP INDEL had break points that did differ ≤ 2 bp from 
those of the simulated INDEL and the length did differ by 
≤ 5bp. For SV length category A, a TP SV had break points 
that did differ ≤ 10 bp from those of the simulated SV and 
the SV length did differ by ≤ 20 bp. For the other SV length 
categories, a TP SV had break points and length differences 
compared to the simulated SV of ≤ 50 bp. For insertions 
where no SV length was detected, the start of a TP insertion 
had a break point that did differ ≤ 10 bp from this of the 
simulated insertion. For translocations, a TP translocation 
had break points that did differ ≤ 50 bp from those of the 
simulated translocation.

We also evaluated combinations of SV callers for their 
precision and sensitivity to detect SV. The following pro-
cedure was used to decide for the combinations that were 
examined: First, for those SV callers, which have shown 
a precision ≥ 95% for all SV length categories for a par-
ticular SV type, SV calls were combined via logical or (“∣
”). Second, for those SV callers with a precision ≤ 95% in 
at least one SV length category, SV calls were combined 

(1)Sensitivity = TP∕(TP + FN)

(2)Precision = TP∕(TP + FP)

(3)
F1 - core = 2 ∗ (Precision*Sensitivity/Precision + Sensitivity)

with a logical and (“&”). If the precision of the combina-
tion of the second step increased to ≥ 95% in all SV length 
categories, SV calls of this combination were kept for the 
particular SV type and were combined with a logical or 
with those of the first step. The threshold of ≥ 95% preci-
sion was used to reduce the number of FP SV calls to a 
reasonable level.

Detection of SV, SNV, and INDELs in the barley 
genome

Genetic material and sequencing

Our study was based on 23 spring barley inbreds (Weis-
weiler et al. 2019) that were selected out of a worldwide col-
lection of 224 inbreds (Haseneyer et al. 2010) (Supplemen-
tary Table S6) using the MSTRAT algorithm (Gouesnard 
2001). These inbreds are the parents of the double round 
robin population (Casale et al. 2022). Paired-end sequenc-
ing libraries with an insert size of 425 bp were sequenced 
(2x150 bp) to a ∼25x coverage on the Illumina HiSeqX plat-
form by Novogene Corporation Inc. (Sacramento, USA).

SV, INDELs, and SNV detection

The quality of the raw reads was checked by fastqc. Reads 
were adapter- and quality-trimmed using Trimmomatic (ver-
sion 0.39) (Bolger et al. 2014). The trimmed reads were 
mapped to the Morex reference sequence v3 (Mascher et al. 
2021) using BWA-MEM. PCR-duplicates were removed 
using PICARD (version 2.22.0).

Based on the results of the benchmarking of different 
SV callers using simulated data, the results of specific SV 
callers were combined as explained above. The final set of 
deletions for each inbred were those that were identified 
by Manta ∣ GRIDSS ∣ Pindel ∣ Delly ∣ (Lumpy & NGSEP) 
where homozygous-reference (0/0) and heterozygous variant 
(0/1) calls were removed. Additionally, deletions annotated 
by Pindel as RPL were removed. In analogy, the duplica-
tions were identified by Manta ∣ GRIDSS ∣ Pindel ∣ (Delly 
& Lumpy). Insertions of the SV length category A were 
identified by Manta ∣ GRIDSS ∣ Delly, where insertions 
of the SV length categories B-E were called using Manta. 
Inversions were identified by Manta ∣ GRIDSS ∣ Pindel. 
Translocations were called from pairs of break points iden-
tified by Manta ∣ GRIDSS ∣ (Delly & Lumpy). INDELs were 
detected by GATK’s HaplotypeCaller ∣ GRIDSS ∣ Pindel 
where homozygous-reference (0/0) and heterozygous vari-
ant (0/1) calls were discarded. SV which were located in a 
region of the reference sequence, where the sequence only 
consists of N’s, were excluded. For genome regions, where 
break points of different SV overlapped or were inconsistent 
in the same inbred, only the smallest SV was considered. 
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The number of false positives could be increased by detect-
ing large SV clusters; therefore, SV clusters larger than 1 Mb 
were not considered in our study. The SV of the 23 inbreds 
were grouped together to SV clusters based on the similar-
ity of sizes and the position in the genome according to the 
following procedure. The distance from a SV to the next 
SV in such a SV cluster had to be smaller than 20 bp for the 
SV length category A and 50 bp for the SV length category 
B - E and the difference of the two break points had to be 
smaller than 10 or 50 bp as described above. SV with a 
larger difference between break points were kept as separate 
SV and SV clustering was pursuing. Each SV cluster was 
genotyped across the examined 23 barley inbreds.

SNV and INDELs were called using GATK. First, 
GATK’s HaplotypeCaller was used in single sample GVCF 
mode, afterward GATK’s CombineGVCFs was used to com-
bine the SNV across the 23 inbreds. Combined SNV were 
genotyped using GATK’s GenotypeGVCFs. SNV were fil-
tered using GATK’s VariantFiltration where variants below 
the following filtering thresholds were removed: QD < 
2.0; QUAL < 30.0; SOR > 3.0; FS > 60.0; MQ < 40.0; 
MQRankSum < −12.5; ReadPosRankSum < −8.0. Het-
erozygosity of SNV for each genotype was low (1.0–1.7%) 
and therefore such SNV were not discarded to avoid remov-
ing true positives.

PCR validation of SV

A total of 25 of the detected SV were targeted for validation 
by PCR amplification of genome regions of and around the 
SV in Morex and Unumli-Arpa. This included six SV length 
category A deletions, five SV length category A insertions, 
six SV length category B deletions and eight SV length cat-
egory C-E deletions. In order to determine the SV allele, we 
required the amplification of two differently sized fragments 
in the two inbreds. For each SV, a regular primer pair was 
created with the position defined by the validation strategy 
(Supplementary Fig. S1). If needed, a second right primer 
was added to the PCR reaction. The primers were designed 
using Primer3 (Untergasser et al. 2012) and Blast+ (Cama-
cho et al. 2009).

Plant material was sampled for the PCR validation from 
adult plants and seedlings grown under controlled condi-
tions. DNA was extracted from 100 mg frozen plant material 
using the DNeasy Plant Mini Kit (Qiagen, Germany) accord-
ing to the manufacturer’s instructions. The PCR reaction 
mixture contained in a final volume of 20 μ L: 0.2 mM dNTP, 
Fw/Rev Primer 0.5 μ M, 50 ng DNA, 1.5 U/μ L DreamTaq 
DNA Polymerase (Thermo Fischer Scientific, USA), Pol-
ymerase-Buffer 1X and water. Amplified fragments were 
separated by gel electrophoresis and the validation success 
was determined by comparing the PCR product sizes with 
the calculated values based on the SV detection.

Location of SV clusters

SV clusters were classified and annotated based on their 
location in the genome, their distance relative to genes, or 
other genomic features. SV clusters were grouped into four 
gene-associated and one intergenic SV cluster categories: 
5 kb upstream/downstream gene-associated SV clusters were 
located in the 5 kb region from the 3 ′ - or 5 ′ - end of a gene. 
Intron and exon gene-associated SV clusters were located in 
the gene sequence, where the genic sequence was separated 
into intronic and exonic sequences. SV clusters which were 
not located in the four gene-associated SV cluster categories 
were determined as intergenic SV clusters. A gene-associ-
ated SV cluster could be classified in more than one category 
if its sequence covers several genomic features.

To check if the detected SV clusters were transposable 
elements, the genomic positions of SV clusters were com-
pared to the transposable elements annotation file of the 
Morex reference sequence v3 (Mascher et al. 2021). Dele-
tions, duplications, inversions, INDELs, and insertions with 
known length were annotated as transposable elements if the 
reciprocal overlap was ≥ 80% (Fuentes et al. 2019). Inser-
tions with unknown length were classified as transposable 
elements if the detected break point of the insertion was 
inside the transposable element sequence. Translocations 
were classified as transposable element, if at least one of 
the two break points was located inside a transposable ele-
ment sequence.

SV hotspots were identified using the following proce-
dure: The average number of SV clusters in non-overlapping 
1 Mb windows across each of the seven chromosomes was 
determined. Using this number, we calculated for each win-
dow based on the Poisson distribution the expected number 
of SV clusters. Windows with more SV clusters than the Q 

99
 

of the expected Poisson distribution were designated as SV 
hotspots (Guan et al. 2021).

Population genetic analyses

Linkage disequilibrium (LD) measured as r2 (Hill and Rob-
ertson 1968) was calculated between each SV type and 
linked SNV. Nucleotide diversity ( � ) was calculated in 
100 kb windows along the seven chromosomes separately 
for SV clusters (deletions, insertions, duplications, inver-
sions) and SNV using vcftools (version 0.1.17) (Danecek 
et al. 2011).

SV clusters and gene expression

SV clusters which were assigned into one of the gene-associ-
ated SV categories, namely 5 kb up- or downstream, introns, 
and exons, were associated with the genome-wide gene 
expression of the 23 barley inbreds. Gene expression for the 
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seedling tissue measured as fragments per kilobase of exon 
model per million fragments mapped was available for all 
inbreds from an earlier study (Weisweiler et al. 2019). This 
information was the basis of a principal component analy-
sis. For all gene-associated SV clusters with a minor allele 
frequency (MAF) > 0.15, Pearson’s correlation coefficient 
with the first three principal components was estimated, 
where the presence and absence of SV clusters were used as 
metric character. This analysis was performed to examine 
the association between SV clusters and genome-wide gene 
expression (Liu et al. 2020b). A permutation procedure with 
1,000 iterations was used to test the mean absolute values 
of the correlations for their significance. In addition to this 
evaluation of the effect of SV clusters on the genome-wide 
gene expression level, we also examined the significance 
of the effect of gene-associated SV clusters with a MAF > 
0.15 on the expression of individual genes. In order to do 
so, the mixed linear model with population structure and 
kinship matrix (PK model) (Stich et al. 2008) was used. The 
population structure matrix consisted of the first two princi-
pal components calculated from 133,566 SNV and INDELs 
derived from mRNA sequencing (Weisweiler et al. 2019). 
From the same information, the kinship matrix was calcu-
lated as described by Endelman and Jannink (2012).

Assessment of phenotypic traits

For the assessment of phenotypic traits under field condi-
tions, the 23 inbreds were planted as replicated checks in an 
experiment laid out as an augmented row-column design. 
The experiment was performed in seven environments 
(Cologne from 2017 to 2019, Mechernich and Quedlinburg 
from 2018 to 2019) in Germany in which the checks were 
replicated multiple times per environment. For each environ-
ment, seven phenotypic traits were assessed. Heading time 
(HT) was recorded as days after planting, leaf angle (LA) 
was scored on a scale from 1 (erect) to 9 (very flat) on four-
week-old plants, and plant height (PH, cm) was measured 
after heading in Cologne and Mechernich. Seed area (SA, 
mm2 ), seed length (SL, mm), seed width (SW, mm), and 
thousand grain weight (TGW, g) were measured based on 
full-filled grains from Cologne (2017–2019) and Quedlin-
burg (2018) by using MARVIN seed analyzer (GTA Sen-
sorik, Neubrandenburg, Germany).

Prediction of phenotypes

Each of the phenotypic traits was analyzed across the envi-
ronments using the following mixed model:

(4)yijk = � + Ej + Gi + (G × E)ij + �ijk,

where yijk was the observed phenotypic value for the ith geno-
type at the jth environment within the kth replication; � the 
general mean, G

i
 the effect of the ith inbred, Ej the effect 

of the jth environment, (G × E)ij the interaction between 
the ith inbred and the jth environment, and �ijk the random 
error. This allowed to estimate adjusted entry means for all 
inbreds.

The performance to predict the adjusted entry means 
of each barley inbred for each trait using different types 
of predictors: (1) single nucleotide polymorphism (SNP) 
array, which was generated by genotyping the 23 inbreds 
using the Illumina 50K barley SNP array (Bayer et al. 
2017), (2) gene expression (3) SNV & INDELs, (3a) SNV, 
(3b) INDELs, (4) SV clusters, (4a) deletions, (4b) duplica-
tions, (4c) insertions, (4d) inversions, (4e) translocations, 
was compared based on genomic best linear unbiased pre-
diction (GBLUP) (VanRaden 2008).

For each predictor, the monomorphic features and the 
features with missing rates > 0.2 and identical informa-
tion were discarded. � was defined as a matrix of feature 
measurement for the respective predictor. The dimen-
sions of � were the number of barley inbreds (n = 23) 
times the number of features in the corresponding pre-
dictor (m) ( m

SNP array
= 38, 025 , mgene expression = 67, 844 , 

m
SNV&INDELs

= 3, 025, 217   ,  m
SNV

= 2, 338, 565   , 
m

INDELs
= 686, 918   ,  m

SVclusters
= 458, 330   , 

m
deletions

= 183, 219   ,  mduplications = 93, 073   , 
m

insertions
= 70, 143   ,  m

inversions
= 6, 582   , 

m
translocations

= 105, 313 ). The additive relationship matrix 

� was defined as � =
W

∗

W
∗T

m
 , where W∗ was a matrix of 

feature measurement for the respective predictor, whose 
columns are centered and standardized to unit variance of 
W , and W∗

T

 was the transpose of W∗.
Furthermore, to investigate the performance of a joined 

weighted relationship matrix (Schrag et al. 2018) to pre-
dict phenotypic variation, the three � matrices in GBLUP 
model of the three predictors, SNV &INDELs, gene 
expression, and SV clusters, were weighted and summed 
up to one joined weighted relationship matrix. A grid 
search, varying any weight (w) from 0 to 1 in increments 
of 0.1, resulted in 66 different combinations of joined 
weighted relationship matrix, where the summation of 
three weights in each combination must be equal to 1.

Fivefold cross-validation was used to assess the model 
performance. Prediction abilities were obtained by cal-
culating Pearson’s correlations between observed (y) and 
predicted (ŷ) adjusted entry means in the validation set of 
each fold. The median prediction ability across the five 
folds within each replicate was calculated and the median 
of the median across the 200 replicates was used for fur-
ther analyses.
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Results

Precision and sensitivity of SV callers

Six tools (Table 1) which call SV based on short-read 
sequencing data were evaluated with respect to their pre-
cision and sensitivity to detect five different SV types 
(deletions, insertions, duplications, inversions, and trans-
locations) in five SV length categories (A: 50–300 bp; 
B: 0.3–5 kb; C: 5–50 kb; D: 50–250 kb; E: 0.25–1 Mb) 
using computer simulations. The precision of Delly, 
Manta, GRIDSS, and Pindel to detect deletions of all 
five SV length categories based on 25x sequencing cov-
erage ranged from 97.8–100.0%, whereas the precision 
of Lumpy and NGSEP was lower with values between 
75.0 and 89.8% (Table 2). The sensitivity of NGSEP was 
with 78.6–87.5% the highest but that of Manta was with 
79.7–81.1% only slightly lower. We evaluated various 
combinations of SV callers and observed for the combi-
nation of Manta | GRIDSS | Pindel | Delly | (Lumpy & 
NGSEP) an increase of the sensitivity to detect deletions 
compared to the single SV callers up to a final of 89.0% 
without decreasing the precision considerably (99.1%).

Manta was the only SV caller which allowed the detec-
tion of insertions of all SV length categories with preci-
sion values as high as 99.8–100.0%. The combination of 
Manta | GRIDSS | Delly for the SV length category A has 
shown a high sensitivity (88.4%) and precision (99.8%). 
This combination was therefore used for the detection of 
insertions of SV length category A in further analyses.

The sensitivity of the SV callers Delly, Manta, Lumpy, 
and GRIDSS to detect duplications of the SV length cat-
egory A was with values from 28.2 to 39.4% very low. In 
contrast, Pindel could detect these duplications with a sen-
sitivity of 75.7%. For the other SV length categories, the 
combination of Manta | GRIDSS | Pindel could increase 
the sensitivity to detect duplications by 2–7% compared 
to using a single SV caller while the precision ranged 
between 97.6 and 99.3%.

The performance of Lumpy and NGSEP to detect inver-
sions reached precision values of 81.5–98.5% and sensitivity 
values of 66.1–80.0% that were on the same low level as for 
deletions. Delly performed well for detecting inversions in 
SV length categories B to D, but for E and especially for A, 
the performance was lower compared to that of the other SV 
callers. Overall, Pindel was the only SV caller with a combi-
nation of both, high precision and sensitivity to detect inver-
sions. These precision and sensitivity values could be further 
improved across all SV length categories by combining the 
calls of Pindel with that of Manta | GRIDSS (Table 2).

The combination of GRIDSS | Pindel | GATK increased 
the sensitivity to detect INDELs (2–49 bp) by 3% compared 
to using the single callers (Supplementary Table S1). With 
6%, an even higher difference for the sensitivity to detect 
translocations was observed between the combination of 
Manta | GRIDSS | (Delly & Lumpy) and single callers.

In a next step, different sequencing coverages from 1.5x 
to 65x were simulated and the performance of the best com-
bination of SV callers for each of the SV types was com-
pared to their performance with 25x sequencing coverage 
(Supplementary Fig. S1 ). For deletions, the F1-score, which 
is harmonic mean of the precision and sensitivity, for 65x 
sequencing coverage was ∼ 2% higher than for 25x sequenc-
ing coverage. Only marginal differences were observed 
between the F1-score of 65x or 25x sequencing coverage 
for calling duplications and inversions. Interestingly, the 
F1-score for calling translocations and insertions was with 
2% and 9%, respectively, higher in the scenario with 25x 
than with 65x sequencing coverage. For 12.5x sequenc-
ing coverage, the F1-score was still on an high level with 
values > 80% for each SV type (Supplementary Fig. S2). 
With a further reduced sequencing coverage, the F1-score 
also decreased. Finally, the performance of our pipeline to 
detect SV was evaluated based on 14x and 25x linked-read 
sequencing data. For all SV types and SV length catego-
ries, with the exception of deletions and duplications in SV 
length category D and A, respectively, the F1-score was 
2–7% higher based on Illumina sequencing data than based 
on linked-read sequencing data.

Table 1   Properties of structural 
variant (SV) callers for short-
read sequencing that were 
compared in our study, where 
split reads (SR), paired-end 
reads (PE), read depth (RD), 
and local alignments (LA) 
are the underlying detection 
principles

1 Ye et al. (2009), 2Rausch et al. (2012), 3Layer et al. (2014), 4Chen et al. (2016), 5Cameron et al. (2017), 6

Duitama et al. (2014)

SV caller Detection principle Deletion Insertion Inversion Duplication Translocation

SR PE RD LA ≤500bp >500bp

Pindel1 x x x x x x

Delly2 x x x x x x x

Lumpy3 x x x x x x x

Manta4 x x x x x x x x x

GRIDSS5 x x x x x x x x

NGSEP6 x x x x x
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SV clusters across the 23 parental inbreds 
of the double round robin population

Across the 23 barley inbreds that are the parents of a new 
resource for mapping natural phenotypic variation, the 

double round robin population, we detected 458,671 SV 
clusters using the best combination of SV callers (Table 3). 
These comprised 183,489 deletions, 70,197 insertions, 
93,079 duplications, 6,583 inversions, and 105,323 trans-
locations. Additionally, 6,381,352 INDELs were detected 

Table 2   Sensitivity/precision of 
structural variant (SV) callers 
and combinations of them (for 
details see Material & Methods) 
to detect deletions, insertions, 
duplications, and inversions 
of the SV length categories A 
(50–300 bp), B (0.3–5 kb), C 
(5–50 kb), D (50–250 kb), and 
E (0.25 – 1 Mb)

SV length category

SV caller A B C D E

Deletions

Delly 58.1/97.8 76.2/99.4 72.5/99.3 72.4/100.0 75.0/100.0

Manta 79.7/100.0 81.1/99.8 79.9/99.6 79.7/99.4 81.0/100.0

Lumpy 60.0/78.1 70.5/86.5 66.8/85.6 62.5/79.0 64.3/80.6

GRIDSS 79.0/99.5 80.7/99.9 77.8/99.9 78.1/100.0 77.4/100.0

Pindel 87.4/99.9 68.4/99.7 83.6/99.4 80.2/100.0 67.9/100.0

NGSEP 84.1/87.3 83.1/83.4 83.5/82.2 87.5/89.8 78.6/75.0

Combination 89.0/99.1 86.9/99.4 86.7/99.2 86.5/99.4 86.9/100.0

Insertions

Delly 3.4/100.0

Manta 88.4/99.8 74.1/100.0 72.1/100.0 72.5/100.0 75.0/100.0

GRIDSS 45.5/100.0

Pindel 6.6/93.0

NGSEP 64.1/59.2 26.8/29.6 35.5/40.5 30.5/32.1 26.0/26.5

Combination 88.4/99.8 74.1/100.0 72.1/100.0 72.5/100.0 75.0/100.0

Duplications

Delly 28.2/99.0 75.1/96.8 74.7/95.4 75.3/97.2 71.7/91.7

Manta 39.0/99.5 80.5/99.8 82.7/99.8 83.9/98.7 82.6/97.4

Lumpy 31.5/98.4 67.9/84.8 67.7/82.6 68.3/81.9 65.2/80.0

GRIDSS 39.4/99.8 80.0/100.0 80.0/100.0 83.3/100.0 79.4/100.0

Pindel 75.7/98.1 57.8/99.0 88.1/99.8 83.9/99.4 73.9/100.0

Combination 75.8/98.1 87.3/99.1 90.8/99.3 89.8/98.2 89.1/97.6

Inversions

Delly 49.7/70.4 84.6/99.2 85.5/99.4 82.6/99.4 78.2/98.6

Manta 77.0/99.0 87.0/99.9 87.3/99.9 90.0/100.0 82.8/100.0

Lumpy 66.1/88.5 76.8/96.2 75.3/97.4 77.4/94.8 74.7/98.5

GRIDSS 76.9/99.1 86.9/99.8 85.2/99.9 87.9/100.0 82.8/100.0

Pindel 83.5/99.2 90.7/99.9 90.2/99.9 89.0/100.0 77.0/100.0

NGSEP 0.0/0.0 75.7/87.9 75.3/81.5 80.0/85.4 77.0/88.2

Combination 88.4/98.1 91.5/99.8 90.9/99.8 93.2/100.0 85.1/100.0

Table 3   Summary of detected 
structural variants (SV) and 
small insertions and deletions 
(2–49 bp, INDELs) across 23 
diverse barley inbreds, where 
MAF was the minor allele 
frequency, and TE were SV 
clusters which were annotated 
as transposable elements in the 
Morex reference sequence v3

1Because of missing endpoint information no reciprocal overlap criterion applied

SV type Number of SV calls Number of SV clusters

MAF > 0.05 TE

Deletions 714,867 183,489 78,823 16,846

Insertions 241,522 70,197 29,672 279 (17,718)1

Duplications 195,710 93,079 58,793 6,608

Inversions 14,961 6,583 4,116 92

Translocations 251,956 105,323 61,572 0 (54,258)1

INDELs 29,637,520 6,381,352 4,134,064 21
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across the seven chromosomes. The proportion of SV clus-
ters which were annotated as transposable elements varied 
from 1.4% for inversions to 51.5% for translocations.

We performed a PCR-based validation for detected dele-
tions and insertions (Supplementary Table S2, Supplemen-
tary Fig. S3). Six out of six deletions and five out of five 
insertions up to 0.3 kb could be validated (Supplementary 
Fig. S4). Additionally, we could validate eight out of eleven 
deletions between 0.3 and 460 kb (Supplementary Fig. S5), 
where for the three not validated deletions, the expected 
fragments were not observed in the non-reference parental 
inbred.

The number of SV clusters present per inbred ranged 
from less than 40,000 to more than 80,000 (Fig. 1A). We 
observed no significant (P > 0.05) correlation between the 
sequencing coverage, calculated based on raw, trimmed, 
and mapped reads, of each inbred as well as the number of 
detected SV clusters in the corresponding inbred. A two-
sided t-test resulted in no significant (P > 0.05) associa-
tion between the number of SV clusters of an inbred and 
the spike morphology as well as the landrace versus variety 

status of the inbreds. In contrast, principal component analy-
ses based on the presence/absence matrices of the SV clus-
ters revealed a clustering of inbreds by spike morphology, 
geographical origin, and landrace vs. variety status (Sup-
plementary Fig. S6).

Out of the 458,671 SV clusters, 50.6% (232,071) appeared 
in only one of the 23 inbreds, whereas 19.7% (90,256) were 
detected in at least five inbreds (Fig. 1B, Supplementary 
Fig. S7). Additional analyses revealed a significant although 
weak negative correlation (r = −0.06681, P = 2.07x10−314 ) 
between the length of a SV cluster and its MAF. The average 
MAF of SV clusters with a length of 250 kb to 1 Mb and of 
50–250 kb was 0.08, respectively, while that of SV clusters 
with a length of 50 bp–50 kb was 0.13 (Supplementary Fig. 
S8). SV clusters annotated as transposable elements had a 
shorter average length of 5,853 bp and a higher MAF of 0.16 
compared to SV clusters that were not annotated as transpos-
able elements (10,605 bp, 0.12). Deletions and insertions of 
the SV length category A were the most common detected 
SV clusters with a fraction of 41.7 and 48.4%, respectively 
(Supplementary Table S3). In contrast, for duplications, the 

A

B

Fig. 1   Stacked bar graph of the number of different types of structural variant (SV) clusters detected in the 23 inbreds (A) and SV clusters which 
were detected in at least the given number of the inbreds (B)
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largest fraction were that for SV clusters of the SV length 
category C (55.9%). The average MAF of the individual SV 
types was the highest for insertions with 0.17, followed by 
deletions, inversions, translocations, and duplications with 
values of 0.14, 0.11, 0.10, and 0.10, respectively.

Characterization of the SV clusters

After examining the length of the detected SV clusters and 
their presence in the 23 barley inbreds, we investigated the 
distribution of the SV clusters across the barley genome. 
We observed a significant correlation (r = 0.5653, P < 
0.01) of nucleotide diversity ( � ) of SV clusters and SNV, 
measured in 100 kb windows along the seven chromosomes 
(Supplementary Fig. S9). The SV clusters were predomi-
nantly present distal of pericentromeric regions. In contrast 
to SNV, the frequency of all SV types, and especially that of 
duplications, increased in centromeric regions (Fig. 2). For 
all centromeres, a significantly (P < 0.01) higher number 
of SV clusters was observed compared to what is expected 
based on a Poisson distribution and, thus, were designated 
as SV hotspots. The proportion of SV clusters in pericentro-
meric regions was with 14.5% considerably lower compared 
to what is expected based on the physical length of these 
regions (25.7%). Only 4.5% of all detected SV hotspots were 
observed in pericentromeric regions.

We also examined if SV clusters provide additional 
genetic information compared to that of closely linked SNV. 
To do so, we determined the extent of LD between each 
SV cluster and SNV located within 1 kb and compared this 
with the extent of LD between the closest SNV to the SV 
cluster and the SNV within 1 kb. Across the different SV 
types, 33.7–74.3% have at least one SNV within 1 kb that 
showed an r2 ≥ 0.6 (Supplementary Table S4). In contrast, 
89.2–89.9% of SNV that are closest to the SV cluster showed 
an r 2 ≥ 0.6 to another SNV within 1 kb.

In the next step, we examined the presence of SV clusters 
relative to the position of genes. The highest proportion of 
SV clusters ( ∼60%) was located in intergenic regions of the 
genome (Fig. 3). The second largest fraction ( ∼30%) of SV 
clusters was present in the 5 kb up- or downstream regions 
of genes, which is considerably higher compared to that of 
INDELs ( ∼17%) and SNV ( ∼16%). Within the group of SV 
clusters that were 5 kb up- or downstream to genes, a par-
ticularly high fraction were inversions. On average across all 
SV types, about 10% of SV clusters were located in introns 
and exons, with inversions being the exception again, show-
ing a considerably higher rate.

The enrichment of SV clusters proximal to genes lead us 
to assess their physical distance relative to the transcription 
start site (TSS) of the closest genes and compare this to 
SNV. The number of SV clusters at the TSS was approxi-
mately 10% lower than 5kb upstream of the TSS (Fig. 4). A 

similar trend was observed for the 5kb downstream regions 
( ∼7%). In comparison, the absolute number of SNV around 
the TSS was more than ten times lower than the number of 
SV clusters. With the exception of a distinct peak at position 
two downstream of the TSS, the number of SNV around 
the TSS followed the same trends as described for the SV 
clusters above.

Association of SV clusters with gene expression

We tested if the SV clusters could be associated with the 
genome-wide gene expression differences of the 23 inbreds. 
As a first step, a principal component analysis of the gene 
expression matrix, which included all genes and inbreds, was 
performed. The loadings of all 23 inbreds on principal com-
ponent (PC) 1 explained 19.7% of the gene expression vari-
ation and were correlated with the presence/absence status 
of all inbreds for each gene-associated SV cluster. The aver-
age absolute correlation coefficient of gene-associated SV 
clusters and the PC1 of gene expression was 0.17 and higher 
than the Q 

95
 of the coefficient observed for randomized pres-

ence/absence pattern and the PC1 (Supplementary Fig. S10, 
Supplementary Fig. S11). Similar observations were made 
for the association of gene-associated SV clusters with PC2 
and PC3 of 0.17 and 0.19, respectively, for the above-men-
tioned gene expression matrix (Supplementary Fig. S12). 
In addition, we investigated a possible association between 
SV clusters and gene expression on the basis of individual 
genes. For a total of 1,976 out of 21,140 gene-associated SV 
clusters a significant (P < 0.05) association with the gene 
expression of the associated gene was observed (Fig. 5).

Prediction of phenotypic variation from SV clusters

The prediction ability of seven quantitative phenotypic traits 
using SV clusters as well as SNV from a SNP array, genome-
wide gene expression information, SNV and INDELs (SNV 
& INDELs) were examined as predictors through five-fold 
cross-validation. The median prediction ability across all 
traits ranged from 0.509 to 0.648. The SV clusters had the 
highest prediction power, followed by SNV & INDELs, 
SNP array, and gene expression in decreasing order (Fig. 6). 
Compared to these differences, those among the median pre-
diction abilities of the different SV types were small. The 
highest prediction ability was observed for insertions and 
the lowest for inversions. We also evaluated the possibil-
ity to combine SNV and INDELs with gene expression and 
SV cluster information using different weights to increase 
the prediction ability (Supplementary Fig. S13). The mean 
of the optimal weight across the seven traits was highest 
for gene expression (0.41) and lowest for SV clusters (0.23) 
(Supplementary Table S5).
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Discussion

The improvements to sequencing technologies made SV 
detection in large genomes possible (Della Coletta et al. 
2021). Despite these advances, the relative high cost of 
third compared to second generation sequencing makes 
the former less affordable and scalable for many research 

groups. This fact is particularly strong if genotypes have 
to be analyzed. We therefore used computer simulations to 
study the precision and sensitivity of SV detection based 
on different sequencing coverages of short-read sequenc-
ing data in the model cereal barley. We also evaluated 

Fig. 2   Distribution of genomic variants among 23 barley inbreds 
across the seven chromosomes. The outermost circle denotes the 
chromosome number, the physical position, and as gray bar the peri-
centromeric regions (Casale et al. 2022) plus the centromeres (black) 
according to the Morex reference sequence v3. The next inner circles 

report the SV cluster hotspots (black bars), frequencies of single-
nucleotide variants (red), small insertions and deletions (2–49  bp, 
INDELs, purple), deletions (blue), insertions (green), duplications 
(orange), and inversions (yellow) which were detected among the 23 
inbreds (color figure online)
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whether linked-read sequencing offered by BGI (Wang 
et al. 2019) or formerly 10x Genomics (Weisenfeld et al. 
2017) is advantageous for SV detection compared to clas-
sical Illumina sequencing.

Limitations of our study

In our study, the different SV types were always determined 
in comparison against one reference sequence. The number 
of insertions present in this reference inbred determines the 
number of detected deletions and vice versa. However, this 

A

B

C

D

E

F

Fig. 3   The occurrence of deletions (A), insertions (B), duplications (C), inversions (D), small insertions and deletions (2 –0 49 bp, INDELs, E), 
and single-nucleotide variants (SNV) (F) in five genomic regions
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is just a matter of nomenclature. Additionally, the usage of 
short-read sequencing data and only one reference sequence 
could lead to detect false positive SV calls, due to differences 
in the mapping efficiency of the evaluated inbreds due to dif-
ferences in relatedness. In our study, however, the average 
mapping quality for the 23 inbreds was high and varied only 
moderately between 41 and 46. Therefore, the influence of 
the relatedness should be weak. However, this aspect should 
be considered when interpreting the SV data set.

Precision and sensitivity to detect SV in complex 
cereal genomes using short‑read sequencing data 
are high

The costs for creating linked-read sequencing libraries is 
considerably higher compared to that of classical Illumina 
libraries. Taking this cost difference into account, a fair com-
parison of precision and sensitivity to detect SV is between 
25x Illumina and 14x linked-reads. However, even when 
directly compared at equal (25x) sequencing coverage, the 
F1-score, which is the harmonic mean of the precision and 
sensitivity, on average across all SV types and SV length 
categories was higher for Illumina compared to linked-
reads (Supplementary Fig. S1). One reason might be that 
the SV callers used in our study do not fully exploit linked-
read data. In our study, linked-read information was only 
used to improve the mapping against the reference genome 
(Marks et al. 2019). More recently, SV callers have been 
described that exploit linked information of linked-read data 

as VALOR2 (Karaoǧlanoǧlu et al. 2020) or LEVIATHAN 
(Morisse et al. 2021). However, the SV callers that were 
available at the time the simulations were performed had a 
very limited spectrum of SV types and SV length categories 
they could detect, e.g., LongRanger wgs (Zheng et al. 2016) 
and NAIBR (Elyanow et al. 2018). In addition, we have 
observed for these SV callers in first pilot simulations con-
siderably lower values for precision and sensitivity to detect 
SV compared to the classical short-read SV callers. There-
fore, only short-read SV callers were evaluated in detail.

One further aspect that we examined was the influence of 
the sequencing coverage on sensitivity and precision of SV 
detection. Only a marginal difference between the F1-scores 
of the best combination of SV callers for a 25x vs. 65x Illu-
mina sequencing coverage was observed (Supplementary 
Fig. S1). In addition, for some SV length categories, the 
F1-score for 25x compared to 65x sequencing coverage was 
actually higher. A possible explanation for this observation 
may be that a higher sequencing coverage can lead to an 
increased number of spuriously aligned reads (Kosugi et al. 
2019). These reads can lead to an increased rate of false 
positive SV detection (Gong et al. 2021). Our result sug-
gests that for homozygous genomes, Illumina short-read 
sequencing coverage of 25x is sufficient to detect SV with 
a high precision and sensitivity. We therefore made use of 
this sequencing coverage not only for further simulations 
but also to re-sequence the 23 barley inbreds of our study.

In addition, we also tested if a lower sequencing cover-
age could be used for SV detection to reduce the cost for 

Fig. 4   Distribution of structural 
variant (SV) clusters (black) 
and single-nucleotide variants 
(SNV, red) among 23 barley 
inbreds relative to the transcrip-
tion start site (TSS) of a gene 
(x-axis). SV clusters and SNV 
were counted for every position 
from 5kb up- and downstream 
around the TSS of all genes 
(y-axes). As third y-axis, the 
proportion difference relative 
to the maximum number of 
SV clusters/SNV is illustrated 
(color figure online)
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sequencing further. We observed lower F-scores for all SV 
types using a sequencing coverage of 12.5x than for 25x 
(Supplementary Fig. S2). However, the F1-score was still > 
80% for all SV types suggesting that even a sequencing cov-
erage of 12.5x would have been sufficient for SV detection 
in barley. When decreasing the sequencing coverage further, 
the precision and sensitivity to detect SV decreased con-
siderably. Therefore, a sequencing coverage of 12.5x could 
be used to detect SV clusters in a small discovery panel as 
it was performed in our study. In a next step, a larger panel 
of hundreds of accessions could be used for genotyping the 
detected SV clusters based on a lower sequencing cover-
age. However, the performance of such two-step approaches 
needs first to be evaluated based on computer simulations.

The SV callers evaluated here were chosen based on for-
mer benchmarking studies in human (Cameron et al. 2019; 
Chaisson et al. 2019; Kosugi et al. 2019) as well as rice 
(Fuentes et al. 2019) and pear (Liu et al. 2020b). Across all 

SV types and SV length categories, we observed the highest 
precision and sensitivity for Manta and GRIDSS followed 
by Pindel with only marginally lower values (Table 2). This 
finding is in accordance with results of Cameron et al. (2019) 
for humans. In comparison with the results of Fuentes et al. 
(2019), we observed a considerably lower sensitivity and 
precision for Lumpy and NGSEP (Table 2). This difference 
in performance of the SV callers in rice and barley might be 
explained by the difference in genome length as well as the 
high proportion of repetitive elements in the barley genome 
(Mascher et al. 2017).

Despite the high sensitivity and precision observed for 
some SV callers, we observed even higher values when using 
them in combination (Table 2). This can be explained by the 
different detection principles such as paired-end reads, split 
reads, read depth, and local assembling that are underlying 
the different SV callers. Our observation indicates that a 
combined use of different short-read SV callers is highly 

A

DC

B

Fig. 5   Association of gene-associated (for details see Material & 
Methods) deletions (A), insertions (B), duplications (C), and inver-
sions (D) with a minor allele frequency > 0.15 with the expression 
of individual genes assessed using the PK mixed linear model. The 
gene-associated structural variant (SV) clusters were classified based 

on their occurrence relative to genes in 5kb up- or downstream, 
introns, and exons. Values of SV clusters with the same coordinates 
are illustrated as points with edges, where each edge represents one 
SV cluster
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recommended. This approach was then used for SV detec-
tion in the set of 23 spring barley inbreds.

Validation of SV in the barley genome

A PCR-based approach was used to validate a small subset 
of all detected SV. In accordance with earlier studies (Zhang 
et al. 2015; Yang et al. 2019; Guan et al. 2021), we evaluated 
the agreement between the detected SV and PCR results 
(Supplementary Fig. S3) for deletions and insertions up to 
0.3 kb (Supplementary Fig. S4). For eleven out of the eleven 
SV, we observed a perfect correspondence.

Our PCR results further suggested that the SV callers 
were able to detect eight out of eleven deletions between 
0.3 and 460  kb (Supplementary Fig. S5) based on the 
short-read sequencing of the non-reference parental inbred 
Unumli-Arpa. In four of the eleven PCR reactions, however, 
more than one band was observed. This was true three times 
for the non-reference genotype Unumli-Arpa and one time 
for Morex (Supplementary Fig. S5B). In two of the four 
cases, PCR indicated the presence of both SV states in one 
genome. This was true for Morex as well as Unumli-Arpa 

and might be due to the complexity of the barley genome 
which increases the potential for off-target amplification.

In conclusion, for 19 of the 22 tested SV (Supplementary 
Table S2), the SV detected in the non-reference parental 
inbred by the SV callers was also validated by PCR. This 
high validation rate implies in addition to the high precision 
and sensitivity values observed for SV detection in the com-
puter simulations that the SV detected in the experimental 
data of the 23 barley inbreds can be interpreted.

Characteristics of SV clusters in the barley gene pool

Across the 23 spring barley inbreds that have been selected 
out of a world-wide diversity set to maximize phenotypic 
and genotypic diversity (Weisweiler et al. 2019), we have 
identified 458,671 SV clusters (Table 3). This corresponds 
to 1 SV cluster every 9,149 bp and corresponds to what was 
observed by Jayakodi et al. (2020). This number is in agree-
ment with the number of SV clusters detected for cucumber 
(9,788 bp−1 ) (Zhang et al. 2015) or peach (8,621 bp−1 ) (Guan 
et al. 2021). Other studies have revealed a higher number of 
SV clusters than observed in our study. This might be due to 
the considerably higher number of re-sequenced accessions 

Fig. 6   Boxplot of the median prediction abilities across the seven 
traits heading time (HT), leaf angle (LA), plant height (PH), seed 
area (SA), seed length (SL), seed width (SW), thousand grain weight 
(TGW) based on 23 inbreds using different predictors. The points in 
each box represent the medians of 200 five-fold cross-validation runs 

for each trait. The predictors were: features from SNP array, gene 
expression, single nucleotide variants (SNV) and small insertions and 
deletions (2–49 bp, INDELs), as well as structural variant (SV) clus-
ters individually as well as combined together

3 Weisweiler et el. (2022) in Theoretical and Applied Genetics

56



3525Theoretical and Applied Genetics (2022) 135:3511–3529	

1 3

in rice (214 bp−1 ) (Fuentes et al. 2019), tomato (3,291 bp−1 ) 
(Alonge et al. 2020), and grapevine (1,260 bp−1 ) (Zhou et al. 
2019).

The highest proportion of SV clusters detected in our 
study were deletions, followed in decreasing order by trans-
locations, duplications, insertions, and inversions (Table 3). 
This is in disagreement with earlier studies where the fre-
quency of duplications was considerably lower compared 
to that of insertions (Zhang et al. 2015; Zhou et al. 2019; 
Guan et al. 2021). Barley’s high proportion of duplications 
compared to other crops may be due to its high extent of 
repetitive elements (Mascher et al. 2017).

In contrast to earlier studies in grapevine and peach (e.g., 
Zhou et al. 2019; Guan et al. 2021) we observed a strong 
non-uniform distribution of SV clusters across the genome. 
Only 14.5% of the SV clusters were located in pericentro-
meric regions, which make up 25.7% of the genome, whereas 
the rest was located distal of the pericentromeric regions 
(Fig. 2). This pattern was even more pronounced for SV 
hotspots, i.e., regions with a significantly (P < 0.05) higher 
amount of SV clusters than expected based on the average 
genome-wide distribution. Almost all SV hotspots (95.5%) 
were located distal of the pericentromeric regions (74.3% of 
the genome) where higher recombination rates are observed. 
Our observation indicates that the majority of SV clusters in 
barley might be caused by mutational mechanisms related to 
DNA recombination-, replication-, and/or repair-associated 
processes and might be only to a lower extent due to the 
activity of transposable elements. This is supported by the 
observation that, with the exception of translocations, only 
1.4 to 25.2% of SV clusters were located in genome regions 
annotated as transposable elements (Table 3).

To complement our genome-wide analysis of barley SV 
clusters, we also examined their occurrence relative to genes 
and their association with gene expression.

Association of SV clusters with transcript abundance

About 60% of the SV clusters were detected in the intergenic 
space (Fig. 3). The remaining SV clusters were gene-asso-
ciated and detected in regions either 5kb up- or downstream 
of genes ( ∼30%) while ∼10% were detected in introns and 
exons (Fig. 3). These values are in the range of those previ-
ously reported for rice ( ∼75%, NA, exons: ∼6%) (Fuentes 
et al. 2019), potato ( ∼37%, ∼37%, ∼26%) (Freire et al. 2021), 
and peach ( ∼52%, ∼27%, ∼21%) (Guan et al. 2021). The 
higher proportion of SV clusters in genic regions in potato 
and peach compared to the cereal genomes might suggest 
that SV clusters are more frequently associated with gene 
expression in clonally than in sexually propagated species. A 
possible explanation for this observation could be the degree 
of heterozygosity in clonal species, which is considerably 

higher compared to that in selfing species such as rice and 
barley. Hence, it is plausible that they better tolerate SV 
clusters close to genes.

Our study was based on 23 barley inbreds which confer a 
limited statistical power to detect SV cluster-gene expression 
associations. However, this leads not to an increased propor-
tion of false positive associations. Therefore, the findings 
are discussed here.

We observed that the average absolute correlation coef-
ficient of gene-associated SV clusters and global gene 
expression measured as loadings on the principal compo-
nents was with 0.17 significantly (P < 0.05) different from 0 
(Supplementary Fig. S12). In addition, 700 gene-associated 
SV clusters were individually associated (P < 0.05) with 
genome-wide gene expression. A further 1,976 alleles of 
gene-associated SV clusters were significantly (P < 0.05) 
associated with the expression of the corresponding 1,594 
genes (Fig. 5). Additional support is given by the obser-
vation that despite SV clusters have a similar distribution 
across the genome as SNV, SV clusters covered more posi-
tions (in bp) of promoter regions than SNV (Fig. 4). These 
figures of significantly gene-associated SV clusters are in 
agreement with earlier figures for tomato (Alonge et al. 
2020) and soybean (Liu et al. 2020a) and highlight the high 
potential of SV clusters to be associated with phenotypic 
traits.

Genomic prediction

Because of the limited number of inbreds included in this 
study, the power to identify causal links between SV clus-
ters and phenotypes is low when considering only the 23 
inbreds. However, instead of examining the association of 
individual SV clusters with phenotypic traits, we evaluated 
their potential to predict seven phenotypic traits in compari-
son with various other molecular features which is expected 
to provide reasonable information also with a limited sample 
size (Weisweiler et al. 2019).

We observed that the ability to predict these seven traits 
was higher for SV clusters compared to the benchmark data 
from a SNP array (Fig. 6). This might be explained by the 
considerably higher number of SV clusters than variants 
included in the SNP array. However, we observed the same 
trend when comparing the prediction ability of SV clusters 
to that of the much more abundant SNV & INDELs. This 
indicates that the SV clusters comprise genetic information 
that is not comprised by SNV & INDELs. Our result is sup-
ported by the observation that when examining the combina-
tion of SNV and INDELs with gene expression and SV clus-
ters to predict phenotypic traits, an increase of the prediction 
ability was observed compared to the ability observed for 
the individual predictors (Supplementary Table S5). Fur-
thermore, our observation of a different prediction ability 
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between SV clusters and SNV & INDELs can be explained 
by a lower extent of LD between SV clusters and linked 
SNV compared to that between SNV and linked SNV (Sup-
plementary Table S4). These findings together illustrate the 
high potential of using SV clusters for the prediction of phe-
notypes in diverse germplasm sets. Such type of applications 
might be used also in commercial plant breeding programs. 
From a cost perspective such approaches will be realistic if 
SV detection is possible from low coverage sequencing. This 
might be possible when comprehensive reference sets of SV 
per species are available as was, for example, generated in 
our study for barley. However, this requires further research.  

Usefulness of SV information for QTL fine mapping 
and cloning

The inbred lines included in our study are the parents of a 
new resource for joint linkage and association mapping in 
barley, the double round robin population (HvDRR, Casale 
et al. 2022). This population consists of 45 biparental seg-
regating populations with a to total of about 4,000 recom-
binant inbred lines and is available from the authors upon 
reasonable request. The detailed characterization of the 
SV pattern of the parental inbreds, presented in this study, 
will therefore be an extremely valuable information for the 
ongoing and future QTL fine mapping and cloning projects 
exploiting one or multiple of the HvDRR sub-populations.

To illustrate this, we have mapped the naked grain pheno-
type in six HvDRR sub-populations (HvDRR03, HvDRR04, 
HvDRR20, HvDRR23, HvDRR44, HvDRR46) to chro-
mosome 7H (7H:525,620,758-525,637,446). Taketa et al. 
(2008) discovered a 17 kb deletion harboring an ethylene 
response factor gene on chromosome 7H that caused naked 
caryopses in barley. In our study, two parental inbreds, 
namely Kharsila and IG128104, are naked barley. For both 
inbreds, the SV calls revealed the same 17 kb deletion on 
chromosome 7H. In contrast, the deletion was absent in the 
21 other parental inbreds. This illustrates the potential of 
exploiting SV information of parental inbreds for gene QTL 
and gene cloning.

Furthermore, four indels which occur in the 5kb up-/
downstream and genic regions of the VRS1 gene were sig-
nificantly (P < 0.01) associated with the rowtype of the 
parental inbreds.
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Summary
We present an easy-to-reproduce manual miniaturized full-length RNA sequencing (RNAseq)

library preparation workflow that does not require the upfront investment in expensive lab

equipment or long setup times. With minimal adjustments to an established commercial

protocol, we were able to manually miniaturize the RNAseq library preparation by a factor of up

to 1:8. This led to cost savings for miniaturized library preparation of up to 86.1% compared to

the gold standard. The resulting data were the basis of a rigorous quality control analysis that

inspected: sequencing quality metrics, gene body coverage, raw read duplications, alignment

statistics, read pair duplications, detected transcripts and sequence variants. We also included a

deep dive data analysis identifying rRNA contamination and suggested ways to circumvent these.

In the end, we could not find any indication of biases or inaccuracies caused by the RNAseq

library miniaturization. The variance in detected transcripts was minimal and not influenced by

the miniaturization level. Our results suggest that the workflow is highly reproducible and the

sequence data suitable for downstream analyses such as differential gene expression analysis or

variant calling.

Introduction

Next-generation sequencing (NGS) technologies have been

evolving rapidly in the last two decades and continue to do so

(Mardis, 2011; McCombie et al., 2019). NGS can be used for a

variety of different applications and is nowadays an integral part

of many genetic research projects. This became possible in part by

steadily decreasing sequencing costs (Wetterstrand, 2021).

This development not only enhanced the possibilities of whole

genome sequencing (Auton et al., 2015; Chung et al., 2017;

Harris and Wailan Alexander, 2021; Linderman et al., 2016) but

also mRNA sequencing projects (Li, 2021; Stark et al., 2019).

Because the transcriptome size is relatively consistent between

species, the sequencing costs for species with large genomes

benefit greatly by focusing on the protein-coding part of the

genome. Additionally, targeting only the mRNA for sequencing is

a useful complexity reduction when investigating the genotype–

phenotype relationship (Jehl et al., 2021; Piskol et al., 2013;

Shomroni et al., 2022; Wang et al., 2021). The relatively low

complexity of mRNA libraries and the increased read output of

large sequencing platforms expanded the multiplexing potential

in RNA sequencing (RNAseq) projects allowing for 384+ samples

to be pooled and sequenced in the same sequencing reaction.

This results in a cost distribution shift, making the library

preparation step the most expensive part of many RNAseq

projects. The pressure to reduce the costs of this step is therefore

rising and many approaches have been developed to do exactly

that (Alpern et al., 2019; Bagnoli et al., 2018; Foley et al., 2019;

Hashimshony et al., 2016; Hou et al., 2015; Islam et al., 2012;

Kumar et al., 2012; Pallares et al., 2019; Picelli et al., 2013;

Shishkin et al., 2015). One way to save costs during the

preparation of RNAseq libraries is to switch from commercial

protocols to previously published custom protocols. The latter

often implement novel techniques to optimize the procedure and

save costs. If these approaches are successful enough, commer-

cial adaptations are developed, as was the case with the examples

mentioned below.

The traditional protocols create RNAseq libraries using full-

length mRNA molecules (Hou et al., 2015; Islam et al., 2012;

Kumar et al., 2012; Picelli et al., 2013; Shishkin et al., 2015). A

more cost-efficient alternative is to create libraries of the 30 or 50

end of the mRNA exclusively (Foley et al., 2019; Macosko

et al., 2015; Pallares et al., 2019; Vahrenkamp et al., 2019). Some

protocols employ early multiplexing to further reduce hands-on

time and costs within the prime end enriched library preparation

methods (Alpern et al., 2019; Bagnoli et al., 2018; Hashimshony

et al., 2016; Soumillon et al., 2014). In most full-length mRNA

protocols, the multiplex bar code is part of the adapter sequence

which is added to the library fragments late in the library

preparation workflow and the sample pooling is conducted after

amplification and clean-up. When utilizing early multiplexing, a

unique bar code is added to the sequences in one of the initial

steps of the protocol. This enables early multiplexing and reduces

the number of samples handled during the remaining library

preparation steps. While both strategies are a good way to reduce

costs, they limit the application of the resulting data for further

analyses for example, genomic variant calling or novel transcript

identification. Additionally, early multiplexing strategies make it

impossible to re-sequence individual samples.

A different approach is most commonly known as miniaturi-

zation. It involves the reduction of the utilized reagent volume

during the library preparation using commercial protocols. Most
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described workflows use full-length mRNA protocols combined

with liquid handling automatization (e.g. Jaeger et al., 2020;

Mayday et al., 2019; Mildrum et al., 2020; Mora-Castilla

et al., 2016). Adding automatization to the miniaturization

workflow has two major advantages. First, all automated

preparation steps reduce hands-on time and therewith labour

costs. Second, the inherent reduction in sample-to-sample

variance by replacing the less error-prone hands-on steps

increases the level of accuracy and precision (Tegally

et al., 2020). However, the investment costs of acquiring all the

lab equipment required for an automated library preparation

workflow are high and, thus, not feasible for many research

groups. To our knowledge, with the exception of Li et al. (2019),

who miniaturized the DNA library preparation of E. coli genomes,

no studies are available on the capabilities of manual

miniaturization.

While it is possible to reduce the costs of the library preparation

step in many different ways as was outlined above, it is crucial

that the quality of the resulting data sets is not impaired and has

no negative impact on downstream analyses (Aigrain et al., 2016;

Alberti et al., 2014; Dabney and Meyer, 2012; McNulty

et al., 2020; Romero et al., 2014). However, to the best of our

knowledge, no comprehensive characterization of library com-

plexity and biases was performed for manual library preparation

miniaturizations.

Here we present an easy-to-reproduce, manual miniaturized

full-length mRNA sequencing library preparation workflow that

does not require the upfront investment in expensive lab

equipment. A miniaturization level of up to 1:8 was tested which

reduced the library preparation costs significantly. In addition, we

provide the results of a wide set of quality control analyses,

evaluating the impact of the miniaturization on the resulting

sequencing data.

Results

To evaluate the success of the library preparation miniaturization

workflow, 96 samples were preparedwithout miniaturization (1:1,

V100) and the miniaturization levels 1:2 using 50% of all reagents

(V050), 1:4 using 25% of all reagents (V025), 1:6 using 17% of all

reagents (V017) and 1:8 using 13% of all reagents (V013)

(Figure 1). Five different genotypes from three different recom-

binant inbred line (RIL) populations were used to evaluate the

miniaturization workflow. Two of the five RIL (DR8 and DR9) were

included in all miniaturization levels to allow orthogonal compar-

isons. DR10 and DR12 were prepared using different RNA

extraction methods and DR1 was used to analyse the potential

impact of plant material coarseness on the workflow. The

sequencing results were analysed with regards to library quality

and its properties in common downstream analyses.

RNA extraction and library pool

All total RNA samples except the TRIzol-96 RNA extractions were

evaluated using the Fragment Analyzer. The average RNA quality

(a)

(b)

Figure 1 Overview of experimental design and

miniaturization levels of the 96 samples. (a) Five

different recombinant inbred lines (RIL) were

cultivated and harvested (diamond). For all RILs

except DR1, a single plant material preparation

was used for one or more total RNA extractions

using different methods (white: TRIzol, red:

TRIzol-96, blue: Phenol:Chrloroform (P:C)),

resulting in a total of 14 different total RNA

samples (triangle). The DR1 plants were used to

create coarse (Prep. 1) and fine (Prep. 2) ground

plant material. (b) We tested the library

preparation miniaturization levels 1:1 (V100,

original), 1:2 (V050), 1:4 (V025), 1:6 (V017) and

1:8 (V013). The PCR cycles were reduced from 10

(PCR 10) to 8 (PCR 8) for a subset of the samples.

For each RIL in each miniaturization and number

of PCR cycles, 2–3 RNA extraction and library

preparation replicates were created. In total, 96

RNA sequencing libraries were created (circles)

and combined to a single library pool (square).
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number (RQN) score for the Phenol:Chloroform extraction

method was the lowest with an average of 5.1 (coefficient of

variation (CV) 0.13). The TRIzol extractions have an average RQN

score of 7.4 (CV 0.04) (Figure S1). We also used the Fragment

Analyzer to characterize the size distribution of the final library

pool that was sequenced. While the fragments were with a peak

at 392 bp smaller than aimed for, the size distribution itself was

as expected (Figure S2).

Sequencing and library quality assessment

To evaluate the impact of the miniaturization on the sequencing

process itself, we compared the mean per sequence quality score

of all reads and did not find any difference between samples and

miniaturizations in that regard (Figure 2a). The same was true for

the per base n count, sequence length distribution, the per base

sequence content and the adapter content (Figure S3). In

addition, no negative trend in the trimming rates was observed

between miniaturizations (Figure 2b). The mean read pair

duplication rate was 7.1%. The highest read pair duplication

ratio and significantly (P < 0.001) different from the remaining

miniaturization levels in both RIL was observed for V013 (12.9%)

(Figure 2c). For one of the two RIL, the miniaturization level V017

was significantly (P < 0.001) different from the rest. We assessed

whether a general 50 gene body coverage bias existed in our data

set, but could not find one. The distribution did also not differ

between miniaturizations (Figure 2d). Random RNA fragmenta-

tion was tested by comparing the nucleotide compositions

around the fragmentation site for all miniaturization levels

(Figure S4). Significant (P < 0.001) differences between un-

miniaturized samples and miniaturized samples were observed.

However, these were not consistent between RILs DR8 and DR9

with the exception of eight positions comparing the miniaturiza-

tion levels V100 and V013.

The number of transcripts detected per sample ranged

between 24 500 and 25 000 and did not significantly

(P > 0.05) differ between miniaturizations (Figure 2e) when

comparing random sub samples with 2 million reads. Pearson

correlation coefficients of the read counts between pairs of

miniaturization levels were calculated for DR8 and DR9. For both

RIL, the highest similarity was observed between the V025 and

(a)

(b)

(e)

(c)

(d)

Figure 2 Overview of sequencing and library quality metrics. (a) Mean per base quality score for all 94 samples coloured by miniaturization level. (b)

Percentage of reads after trimming (dark colour) per miniaturization level. The mean rate of remaining reads per miniaturization level shown as red line. (c)

Total percentage of read pair duplicates by miniaturization. Miniaturization marked by the same letter are not significantly (a = 0.05) different from each

other. (d) Gene body coverage for the highly expressed genes (>90 transcript expression quantile) shown as percentage of reads located in each of the 100

gene segments starting at the 50 end across all 94 samples coloured by miniaturization. (e) Number of unique transcripts detected by miniaturization.
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V050 samples (DR8: r = 0.9977; DR9: r = 0.9964) (Table S1). The

least similar sample groups were V100-V013 for DR8 (r = 0.9613)

and V100-V017 for DR9 (r = 0.9655). We detected a high

similarity between the read counts of replicates. The Pearson

correlation coefficients for DR8 and DR9 were calculated for each

miniaturization and replication type separately. The library

replicates ranged from 0.999 to 0.977 and for RNA extraction

replicates from 0.999 to 0.991 (Table S2).

While we focused on evaluating the impact of the miniatur-

ization on the libraries, we also examined the impact of the

number of PCR cycles, RNA extraction method and degree of

plant material grinding. Therefore, we looked for differences in

the rate of duplicated read pairs and the number of detected

transcripts in these categories. Two of the six tests resulted in a

significant (P < 0.05) difference in at least one group. First, the

custom phenol:chloroform (HTP96) extraction method resulted in

a significantly (P < 0.001) lower number of detected transcripts

compared to the TRIzol method (0.77%). Secondly, the coarse

grinding of plant material resulted in a significantly (P < 0.001)

lower number of detected transcripts compared to the fine

grinding of plant material (0.81%).

Increased variability in highly miniaturized samples

When comparing the rate of raw read duplications, we observed an

increased variability between the samples within miniaturization

levels above 1:4. Without miniaturization (V100) or a minimal

miniaturization level (V050), the number of unique reads

varied between 67.1% and 72.6% (Table S3). With higher

miniaturization levels (V025, V017, V013) the variability between

samples increased. For these samples, the rate of unique reads was

between 45.2% and 75.3% (Figure 3a). The average rate of unique

reads for DR8 and DR9 dropped from 69% (�0.68%) at V100 to

59% (�5.70%) for V013. Furthermore, the rate of uniquely aligned

reads was highest for V100 (78% � 1.22%) and lowest for V013

(66% � 9.29%) and did therefore show the same trend as the rate

of raw read duplications (Figure 3b). The overall alignment

rate increased slightly with increasing miniaturization levels from

V100 (92% � 0.31%) to V013 (95% �0.63%). The proportion of

reads that were not properly aligned (once or multiple times) was

similar across all miniaturizations (Table S4). The correlation

coefficient between the raw read duplicates and read pair

duplicates (r = 0.52, P < 4.46e-08) was lower than the correlation

coefficient between raw read duplication rate and multi-alignment

rate (r = 0.93, P < 2.2e-16) (Figure 3c). We also observed an

impact of the genotype on the rate of multi-aligned reads

(Figure 3d). In all miniaturizations, RIL DR9 had lower rates than

DR8 but the differences were not significant (P > 0.05). The

proportion of duplicated sequences with more than 10 identical

duplicates was considerably increased for V025, V017 and V013

compared to V100 and V050 (Figure S5a). Additionally, for V017

and V013 the proportion of duplicated reads with more than 100

identical duplicates was further increased compared to the other

miniaturizations.

Characterizing the multi-aligned reads

To further investigate the increased between-sample variability

that was detected in V025, V017 and V013 miniaturizations, we

created two data subsets. First, we subsetted the alignment

results including only reads that were mapped multiple times

during the alignment. Those read IDs were used to create the

(a)

(b)

(c) (d)

Figure 3 Correlation between read duplication

rate and multi-alignment rate. (a) Trimmed read

duplication rate of a subset with 1 million reads of

all 94 samples coloured by uniqueness and

grouped by miniaturization (Unique reads:

bottom, dark grey; unique duplicated reads:

middle, grey; remaining duplicated reads: top,

light grey). (b) Alignment statistics for each sample

grouped by miniaturization and coloured by

alignment type. (c) Pearson correlation between

multi-alignment rate and trimmed read

duplication rate. (d) Comparison of multi-

alignment rate between recombinant inbread

lines (RIL) DR8 and DR9 for each miniaturization

level.
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subset of multi-aligned reads. Comparing the rate of raw read

duplications between the subset of multi-aligned reads and the

total data set showed that the mean duplication rate increased by

36% in the subset (Figure S6a). For a considerable portion of

these duplicates, more than 10 reads of the same sequence were

present (Figure S5b). The mean proportion of all duplicated reads

included in the subset of multi-aligned reads was around 40%,

compared to only 7% of all unique reads (Figure S6b).

The origin of the multi-aligned reads was analysed by

investigating gene annotation, transposable elements (TEs)

sequence overlap and rRNA contamination. A GO term enrich-

ment analysis between the subset of multi-aligned reads and the

total data set resulted in multiple significantly underrepresented

genes related to TE activity (biological process: ‘RNA-dependent

DNA biosynthetic process’; molecular function: ‘RNA-directed

DNA polymerase activity’, ‘RNA–DNA hybrid ribonuclease activ-

ity’). The most overrepresented genes were related to photosyn-

thesis (various biosynthetic process, cellular compartment and

molecular function annotations) and transcription (biological

process: ‘regulation of transcription by RNA polymerase II’;

cellular compartment: ‘mediator complex’) (Figure S7).

On average, more than 55% of the multi-aligned reads could

not be assigned to an annotated transcript (no feature, NF). This

was significantly higher (P < 0.001) than the 16% of reads in the

total data set (Figure S8a). The rate of NF reads in the subset of

multi-aligned reads did not correlate well with the multi-

alignment rate (Figure S8b). While the proportion of NF reads

that were multi-aligned varied (82.4%–20.2%), the number of

uniquely aligned NF reads remained constant between all 94

samples (4.4% � 1.0%) (Figure S8c).

The rate of TE reads between the subset of multi-aligned reads

and the total data set was significantly increased (P < 0.001)

(Figure S9a). The rate of TE reads was positively correlated with

the multi-alignment rate (Figure S9b). Nevertheless, on average

17% of TE reads were not multi-aligned (Figure S9c). The

variability between samples was highest for the TE reads that

aligned multiple times (9.6% � 7.1%).

Lastly, two different rRNA reference sequence libraries were

created and the subset of multi-aligned reads was aligned against

them. The Hordeum vulgare rRNA reference library showed the

highest overall alignment rate with most read pairs aligning

multiple times against the reference sequences (Figure S6c,d). For

both rRNA reference sequence libraries, the subset of multi-

aligned reads showed a significantly higher alignment rate

(P < 0.001) than the total data set (Figure 4a). The Pearson

correlation coefficient between the rRNA alignment rate and the

multi-alignment rate was 0.999 for the subset of multi-aligned

reads and 0.996 for the total data set (Figure 4b). While the

proportion of multi-aligned reads that were of rRNA origin varied

(93.9%–16.5%), the number of multi-aligned non-rRNA reads

remained constant between all 94 samples (3.6% � 0.5%)

(Figure 4c). Additionally, only a small proportion of rRNA reads

were uniquely aligned (1.9% � 2.2%).

Variant calling and differential expression analyses

While the miniaturization did not considerably change the overall

number of detected SNPs, the ratio between reference SNPs and

alternative SNPs changed in many but not all miniaturization

scenarios in favour of an increase in alternative SNPs in higher

miniaturizations. However, the change was not consistent and no

clear trend was observed when increasing the miniaturization

level (Table S5).

We used a principal component analysis (PCA) to examine the

data set’s capability to cluster the samples based on genetic

differences. When using read count data, the first two principal

components explained 33.7% of the variance (Figure 5a). When

using the SNP data set, the first two principal components

explained 58.6% of the variance (Figure 5b). Based on both data

sets, we could show that all samples of the same population

clustered together. Additionally, the SNP data differentiated each

of the five RILs. The samples which were prepared using the same

miniaturization level did not cluster together across RIL

(Figure S10).

The mean proportion of detected transcripts between minia-

turizations for DR8 and DR9 in a 2 million read subset were very

similar (30%–31%). V100 had the lowest proportion of detected

transcripts with 30.0% which was significantly (P = 0.042) less

then V050 (30.5%). We created lists of consensus transcripts

separately for each miniaturization of DR8 and DR9. The resulting

number of detected transcripts within replicates of RIL DR8 and

DR9 for each miniaturization level varied between 15 428 (V100,

DR9) and 16 930 (V025, DR8). Lastly, we characterized the

overlap between the transcripts of each group resulting in 81.2%

and 80.8% of all detected transcripts present in all miniaturiza-

tions for DR8 and DR9, respectively (Figure 6). For both RIL the

second biggest group of transcripts was detected in all

miniaturization levels except V100. Only 159 (DR8) and 143

(DR9) transcripts were exclusively present in V100.

Discussion

The workflow we describe in this manuscript reduces RNA library

preparation costs by miniaturizing the process by up to 1:8 of the

original reagent volume of the commercial kit. However, in order

to ensure that the proposed modifications to the commercial

protocol did not decrease the quality of the resulting library, an

in-depth characterization was required. While many automated

miniaturizations have been shown to have negligible impact on

the library quality (Jaeger et al., 2020; Kong et al., 2019; Mildrum

et al., 2020; Mora-Castilla et al., 2016), we used a procedure

without automation. Therefore one has to investigate the

practicality of the workflow considering the potentially increased

pipetting error variance and potentially decreased reproducibility

by manually handling <2 lL volumes.

Quality control: Library complexity and biases

In a first step, we had to make sure that our modifications to the

protocol had no negative impact on the sequencing process.

The per sequence quality scores, per base n content and

sequencing length distribution of V100 did not significantly

(P > 0.05) out-perform miniaturized samples (Figures 2a and S3).

Additionally, the proportion of reads that were discarded by

trimming was comparable between all samples regardless of the

miniaturization level (Figure 2b). These observations led to the

conclusion that the miniaturization did not have a negative

impact on the sequencing process itself.

Next, we investigated additional quality metrics that charac-

terize the library properties directly. Particularly, the library

complexity and the potential library biases were investigated.

Library complexity, or the number of unique molecules in

solution, represents the potential of the given library to produce

a complete picture of the genome or transcriptome and unravels

potential problems during the library preparation, for example, if

a significant number of unique molecules was lost. One way to
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assess library complexity is to compare read pair duplication rates

(Alberti et al., 2014). A reduced number of unique molecules

statistically increases the number of PCR duplicates included in

the sequencing pool and therefore increases the probability for

read pair duplication in the resulting sequencing data and at the

same time reduces the number of unique transcripts that can be

discovered. Alternatively, when analysing RNA sequencing data,

the number of detected genes can be evaluated (Mereu

et al., 2020). In our results, the mean read pair duplication was

7.1% with only the V013 miniaturizations showing significantly

(P < 0.001) increased duplication rates for both RIL (Figure 2c).

Therefore, V025 is an attractive miniaturization factor which

makes most efficient use of the sequencing while at the same

time resulting in a major cost decrease in the library preparation

costs. Nevertheless, the overall read pair duplication rate

observed for all miniaturization levels was comparable to those

of previous studies (Bansal, 2017; Fu et al., 2018; Parekh

et al., 2016). The number of unique detected transcripts did not

differ significantly (P > 0.05) between all miniaturization levels

(Figure 2e) and both V017 and V013 did not separate in our PCA

using read count data. This indicated that the overall library

complexity was not notably impacted and, thus, also our V017

and V013 libraries remain suitable for read count analyses despite

the significantly increased mean read pair duplication for the

V013 miniaturization. Both miniaturization factor V017 and V013

have in common that all reagents were diluted to match the

V025 volume. We are not aware of any published research

examining similar aspects and can therefore only speculate about

a potential link between dilution and read pair duplication. If

there is a relationship, the most likely reason would be a

decreased effectiveness of the cDNA synthesis step in the library

preparation prior to the PCR amplification. The decreased

effectiveness could have led to a slight decrease in library

complexity which in return could have caused an increase in

duplicates created by the PCR amplification.

We evaluated non-random RNA fragmentation as a potential

cause for a library bias and tested for it by looking at the

nucleotide base ratios on both sides of the library fragmentation

site. Only at eight positions, one or more bases were significantly

(P < 0.001) changed between un-miniaturized and miniaturized

samples for both RIL DR8 and DR9 (Figure S4). All eight positions

were found in the comparison between V013 and V100. We

(a) (b)

(c)

Figure 4 Investigation of the rRNA origin in the

subset of multi-aligned reads. (a) Comparison of

rRNA alignment rates using the Horedum vulgare

rRNA reference library between the subset of

multi-aligned reads and the total data set

(recombinant inbred line (RIL) DR8 in grey and

DR9 in white). (b) The correlation between the

multi-alignment rate and the rRNA alignment rate

for the subset of multi-aligned reads (multi, grey)

and the total data set (total, red). (c) The

proportion of filtered reads (white), uniquely

aligned non-rRNA reads (light grey)/rRNA reads

(light purple) and multi-aligned rRNA reads (dark

purple)/non-rRNA reads (dark grey).

(a) (b)

Figure 5 Principal component analysis based on

RNA sequencing data of the five recombinant

inbred lines (RIL). (a) Normalized read counts used

as a basis. (b) Filtered and imputed SNPs used as a

basis. PC 1 and PC 2 are the first and second

principal component, respectively, and the

number in parentheses refers to the proportion of

variance explained by the principal components in

percent.
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suspect that the significant changes are caused by changes in

sequence composition in samples with a high number of

duplicates. However, these differences did not lead to a 50 gene

body coverage bias in any sample with no considerable difference

between the different miniaturization levels (Figure 2d). All the

above-mentioned results indicate that our modification to

the library preparation workflow did not negatively impact the

library complexity and did not introduce biases.

Quality control: Increased variability among replicates

Two aspects that were significantly (P < 0.001) changed by the

miniaturization were (1) the proportion of raw read duplications

and (2) the rate of multi-aligned reads. First, the increase in raw

read duplications for the miniaturizations V025, V017 and V013

compared to V50 and V100 coincided with an increased

variability among replicates within these miniaturization levels

(Figure 3a). The number of raw read duplications can change

based on differences in transcriptome composition between

genotypes (Bansal, 2017). However, both RIL that were included

in all examined miniaturization levels showed the same trend

(Table S3) and, therefore the genotype was only partially able to

explain the observations.

It is unclear if the remaining duplicated reads were introduced

by sampling biological duplicates based on the redundancy of

mRNA molecules or were technical duplicates created during PCR

amplification. Expanding the workflow to include unique

molecular identifiers (UMIs) would make the distinction between

these two cases possible, but also increases the cost (Kivioja

et al., 2011). However, UMIs are also reported to increase the

accuracy of transcript quantification, which could justify

the added cost under certain circumstances (Fu et al., 2018).

Results of previous studies suggested that the number of usable

reads can be increased by up to 40% by deduplication using UMIs

(Collins et al., 2015; Fu et al., 2018; Girardot et al., 2016).

However, the selection of commercial kits that use adapters with

UMI is limited when the number of multiplexed samples is bigger

than 96. At the time of writing, we are not aware of any dual

indexed UMI adapter kits that would have been compatible with

our library preparation kit and have the capability of a 384-sample

multiplex.

The raw read duplicates were further characterized by

estimating the multiplication levels of the duplicated sequences.

The number of unique duplicates, defined as the number of

unique sequences that were duplicated, was consistent between

all samples and miniaturization levels and did not reflect the

variability in raw read duplicates (Figure S5a). This indicated that

the sample-dependent copy number increase of a relatively small

number of sequences was responsible for the observed variability.

Secondly, the number of properly paired unique alignments

was reduced and the variability increased for the miniaturization

levels V025 and above compared to V050 and V100 (Figure 3b).

This observation cannot be fully explained by the difference

between RILs (Figure 3d). In addition, the rate of multi-aligned

reads and the rate of raw read duplications were strongly

correlated on a sample-by-sample basis (Figure 3c). The

connection between these two measures was not clear to us,

which is why we further investigated their nature.

The origin of the increased variability

We began by thoroughly examining the relationship between the

rate of multi-aligned reads and the rate of raw read duplications

on a read-by-read basis, comparing the rate of raw read

duplications between the subset of only multi-aligned reads and

all reads in the total data set. The average proportion of

duplicated reads was increased by 36% in the subset of multi-

aligned reads and included up to 73% of all duplicates. This

observation indicated that many multi-aligned reads are also

duplicated reads (Figure S6a,b). To better understand the source

of multi-aligned reads, we investigated their biological origin. One

biological reason for the occurrence of multi-aligned reads are

gene duplication events (Deschamps-Francoeur et al., 2020).

Therefore, we have examined genomic features that are

classically connected to genome duplications and repetitiveness

such as rRNA, histone gene family and transposable elements

(Deschamps-Francoeur et al., 2020; Magadum et al., 2013;

Rooney and Ward, 2005).

Figure 6 Co-occurrence of detected transcripts

between miniaturization levels. Overlap of

detected transcripts was calculated based on a

subset of 2 million reads of the two recombinant

inbred lines (RIL) DR8 (a) and DR9 (b), respectively.
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When checking the positional overlap of our reads with TEs in

barley, the overlap in the subset of multi-aligned reads was higher

than in the total data set (Figure S9a). This indicated that at least a

part of the variance of the multi-alignment rate across samples

can be explained by a sample-dependent increase in TEs. At the

same time, a GO term enrichment analysis between the subset of

multi-aligned reads and the total data set indicated a reduction in

GO terms associated with retrotransposon activity. The same GO

term enrichment analysis resulted in no significant (P > 0.05)

changes in GO terms connected to the synthesis, modification or

regulation of histones (Figure S7). Importantly, only a small

proportion of the subset of multi-aligned reads was included in

the analysis, because most of the reads could not be assigned to a

gene (Figure S6a). This favours a non-gene-related explanation

for the variance of multi-alignment rates like TE read or rRNA

contamination.

From a technical perspective, the contamination with rRNA

would be the most plausible explanation for the variance of multi-

alignment rates. We tested for rRNA by using available rRNA

annotation data in Hordeum vulgare to search for

rRNA sequences in our multi-aligned read subset. The mean

overall alignment rate for the read subset was considerably higher

than for the total data set (Figure 4a). We could show that the

increase in multi-alignments was strictly correlated with an

increase in rRNA reads (Figure 4b). The rate of multi-aligned

reads that could not be identified as rRNA was low (3.6%) and

remained constant across all 94 samples (Figure 4c). Additionally,

on average less than 2% of rRNA sequences were not aligning

multiple times. These observations strongly suggested that the

increase in multi-alignments as well as the increase in raw read

duplications in the miniaturizations V025, V017 and V013

compared to V050 and V100 was caused by rRNA contamination.

The origin and consequences of rRNA contamination

We speculate that the rRNA contamination is caused by

incomplete separation during the mRNA capture process at the

beginning of the library preparation. This is the first and one of

the most crucial magnetic bead separation steps, which are in our

experience the most error-prone steps and very susceptible to the

decrease in volume caused by the miniaturization (Figure S11).

Depending on the planned usage of the RNA sequencing data,

an increased rRNA sequence content leads to a decrease in useful

sequencing read output. This in return requires the number of

sequenced reads to be increased, which inflates the costs. When

accounting for the highest difference in multi-aligned read rates

that was observed in our study for a single sample with 35%, the

increased sequencing depth added 6 Euro to the overall costs.

This was considerably lower than the overall cost reduction of the

miniaturized library preparation by 21 Euro realized in our study

(Table 1). Therefore, even accounting for the highest possible

rRNA sequence content detected in this study, the cost-saving

potential of miniaturized library preparation remains attractive.

To prevent rRNA contamination, the poly-A mRNA capture

method in our workflow could be replaced by an rRNA depletion

step, which was shown to have higher success in removing rRNA

than poly-A capture methods (Kumar et al., 2017). This would

presumably decrease the number of rRNA molecules and

consequently the number of raw read duplications and multi

alignments in our data set. However, the addition of an rRNA

depletion step would greatly reduce the cost saving potential of

the workflow and therefore only rarely be a reasonable

alternative. Alternatively, for reaction volumes below 30 lL that

include magnetic beads, a special low-elution 96-well magnet

plate can be used to increase the magnetic bond and enable

more reliable molecule selection. When this study was performed,

a low-elution 96-well magnetic plate was not available to us and

we were using a standard magnetic plate (96S Super Magnet,

Alpaqua Engineering, USA). This most likely caused the mRNA

capture and therefore the rRNA exclusion success to vary when

handling smaller volumes in the higher miniaturizations.

Workflow modifications

The here described workflow is compatible with state-of-the-art

liquid handling automatization solutions. The labour and time

intensive magnetic bead separation steps would greatly benefit

from the integration of an automated liquid handler designed for

working with 96-well plates. The steps that would benefit are: the

poly-A tail capture, size selection and all library fragment clean-

ups. The other steps would require a liquid handling device that is

able to accurately transfer small volumes (e.g. positive displace-

ment instruments, acoustic droplet ejection instruments). This

would potentially enable miniaturization factors beyond the ones

examined in this study.

When using different types of plant material, the requirements

to the workflow could change. We see a potential need to adjust

the RNA extraction method depending on the material used. We

showed that our miniaturization workflow produces high-quality

data with multiple types of extraction methods. While the

extraction methods can slightly alter the overall costs of

the workflow, it does not affect the validity of the miniaturization

as a cost saving measure. After successfully extraction of high-

quality total RNA, our preliminary data do not indicate that the

later steps of the workflow will be affected by the type of input

material.

Data application: Sequence variation and read counts

We picked two common use cases to examine the suitability of

the RNA sequencing data generated with our workflow. First, the

potential of the data sets to identify sequence variants and

second, the ability to describe differential expression using read

Table 1 Summary of workflow costs. The relative costs comparison

for the RNA isolation, RNA library preparation (RNA library prep.) and

RNA sequencing between all miniaturization factors. The costs are

relative to a standard workflow defined as: RNA extraction using

RNeasy Plant Mini Kit (Qiagen, Germany) and library preparation using

TruSeq RNA Library Prep Kit v2 (Illumina, USA). In comparison, the

miniaturization workflow used: TRIzol-96 RNA isolation, VAHTS

Universal V6 RNA-seq Library Prep Kit for Illumina library preparation.

Both workflows aimed to sequence 10 million reads using the

DNBSEQ-G400 platform. The sequencing depth was increased to

compensate for multi-aligned reads according to the maximum multi

alignment rate for each miniaturization factor. The multi alignment

rate of the standard workflow was set to 0%

Workflow

Miniaturization factors

V100 V050 V025 V013

RNA isolation 31.47% 15.74% 15.74% 15.74%

RNA library prep. 30.66% 15.33% 7.66% 3.83%

RNA sequencing 111.95% 115.32% 135.41% 147.07%

Total 44.39% 32.19% 29.70% 28.72%
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counts. The capabilities of the data set to call sequence variation

and the potential influence the miniaturization had on it, were

investigated by comparing the mean number of detected SNPs.

The total number of SNP for DR8 and DR9, respectively did

not change significantly (P > 0.05) between miniaturizations

(Table S5). This finding was in agreement with the observation

made in the PCA we conducted using filtered imputed SNP data

(Figure 5). The results showed a high percentage of the variance

between samples that matched the genetic structure of the

samples, while the miniaturization was not shown to explain any

variance and therefore could not be shown to have a systematic

effect on the generated data (Figure S10). This makes the

workflow capable of detecting sequence variances, which then

could be used for example, in genome-wide association studies

(Rodriguez et al., 2020).

When further examining the read counts, between 85%–92%

of the consensus transcripts (expressed at least once per

miniaturization) were found in all miniaturizations and the

overlap between V100 and V025 was >97% (Figure 6). This

illustrates the high consistency between miniaturizations which

was further underpinned by Pearson correlation coefficients of at

least 0.9613 for the RIL DR8 and DR9 among the miniaturization

levels (Table S1). The correlation coefficient was even higher

when comparing RNA extraction and library preparation repli-

cates for both RIL (Table S2). These observations suggested that

the miniaturization did not affect the ability to capture the

transcriptome and all levels are capable of being used for

comparative read count analyses for example, in differential gene

expression (Cantalapiedra et al., 2017; Kintlov�a et al., 2021).

Conclusions

With minimal adjustments to an established commercial RNAseq

library preparation protocol, we were able to manually miniatur-

ize the library preparation by a factor of up to 1:8. This leads to

cost savings of up to 54.5% compared to the same library

preparation protocol without miniaturization and up to 86.1%

compared to the gold standard. The rigorous quality control

analysis of the resulting sequencing data and its application did

not result in any indication of biases or inaccuracies caused by the

library miniaturization. All libraries created in this study can be

considered high quality and are ready to be used in a wide range

of projects. The observed rRNA contamination did not affect the

quality of the library itself and can be addressed by workflow

adjustments, for example, using low elution volume magnetic

plates. As shown by our cost projections even the potential

efficiency decrease caused by the increase in multi-aligned reads

did not change the fact that the method proposed here is an

uncomplicated way to reduce the cost of RNAseq library

preparation without a long set-up time or the need for scarcely

available lab automation equipment. While in our study only a

single commercial RNAseq library preparation kit was evaluated,

we are confident that the general principle of miniaturization as

well as observed unbiased results can be applied to a wide range

of kits.

Materials and methods

Genetic material

Our study was based on five barley RIL from three HvDRR sub-

populations (Casale et al., 2021). The HvDRR population was

developed from pairwise crosses among 23 diverse parental

inbreds (Weisweiler et al., 2019) using the double round robin

(DRR) mating design (Stich, 2009).

Experimental design

The experimental design was set up such that it is possible to

statistically test the effect of the miniaturization, RNA extraction

method, number of PCR cycles and degree of plant tissue

grinding on library complexity and biases (Figure 1). A total of 96

samples were examined. Five different genotypes were used:

from HvDRR sub-population #28 line #33 (DR1), #46 (DR12) and

#57 (DR10), from HvDRR sub-population #27 line #40 (DR8)

and from HvDRR sub-population #13 line #29 (DR9). The libraries

were prepared without miniaturization (1:1, V100), the minia-

turization levels 1:2 using 50% of all reagents (V050), 1:4 using

25% of all reagents (V025), 1:6 using 17% of all reagents (V017)

and 1:8 using 13% of all reagents (V013). Two of the five RIL

(DR8 and DR9) were included in all miniaturization levels to allow

orthogonal comparisons. Depending on the miniaturization level,

two or three RNA extraction replicates and library preparation

replicates each was present. RNA extraction replicates were

distinct RNA extractions and library preparations using the same

plant material. Library preparation replicates were distinct library

preparations using the same extracted RNA. For the miniaturiza-

tion levels 1:4, 1:6 and 1:8, the library of line DR8 was amplified

using 8 PCR cycles and 10 PCR cycles. For the remaining

miniaturization levels, only 10 PCR cycles were used. DR1 libraries

were only prepared using 1:4 miniaturization but with plant

material being either coarsely or finely ground as the basis for

RNA isolation. Finally, 1:4 miniaturization libraries for the lines

DR10 and DR12 were prepared using different RNA extraction

methods.

Plant cultivation

A total of 15 seeds from each of the five RIL were sterilized with

sodium hypochlorite (13%) for 10 min. All seeds of a single RIL

were placed in a rectangular (12 9 12 cm) Petri dish between

two sheets of filter paper (12 9 12 cm) supplied with tap water.

The seeds were lined up in the lower half of the Petri dish on top

of the water-soaked first filter paper. A second water-soaked

filter paper was placed above the seeds, starting 1 cm above the

seeds so that the lower third of the paper was reaching out of

the Petri dish (Figure S12). This ensured that both filter paper

sheets do not dry out over time. The Petri dishes were then

stacked and placed in a vertical orientation in a plant tray

(40 9 60 cm). This way, the space requirements per RIL were

minimized and when filling the tray with water (approx. 3 L) the

seedlings can grow for more than 7 days without further

maintenance. The seedlings were cultivated for 7 days in a

reach-in growth chamber under the following conditions: 70%

relative humidity, 16 h of light (6:00–22:00), 22 degrees (day)/20

degrees (night) and light intensity of 400 lmol m�1 s�1. The time

of day for the cultivation start and the harvest was similar (within

2 h) for all samples. The RIL DR8, DR9 and DR10 were cultivated

at the same time, while DR1 and DR12 were each cultivated at

different dates.

Plant material processing

The whole seedlings of one Petri dish were harvested by transfer

into a collection tube and immediately freezing them in liquid

nitrogen. Afterward, they were ground by using steel beads and a

paint shaker until the plant material was powdery (fine).

Additionally, half of the plant material from DR1 was only
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ground until it was flaky (coarse). Afterward, 50 mg or 100 mg

of plant material was transferred into different collection tubes

depending on the extraction method and stored at �80 degrees

until RNA extraction started.

RNA extraction

Three different total RNA extraction methods were applied. First,

a custom Phenol:Chloroform extraction optimized for high

throughput extraction in 96-well plates (Box et al. (2011);

Phenol:Chloroform, P:C). Second, a TRIzol reagent (Thermo

Fisher Scientific) based RNA extraction following the manufac-

tures instructions (TRIzol). For the third RNA extraction, TRIzol

reagent (Thermo Fisher Scientific) was used in a 96-well format

with an adapted protocol (TRIzol-96). The input plant material

and all reagents for the TRIzol-96 extraction were halved

compared to the standard protocol. The final washing step in

75% ethanol was repeated one time to assure that all the

remaining phenol was removed. All other steps were executed as

proposed by the manufacturer. The first two methods used

100 mg and the third method 50 mg of frozen fresh plant

material as input. The total RNA concentration was quantified

using a NanoPhotometer NP 80 (Implen, Germany). All samples,

except the TRIzol-96 extractions, were evaluated using the

Fragment Analyzer (Agilent).

Library preparation

The mRNA was selected based on a poly-A tail mRNA capture

method (Vazyme, China) using 1 lg total RNA as input. The full-

length mRNA library was constructed using the VAHTS Universal

V6 RNA-seq Library Prep Kit for Illumina (Vazyme, China). We

miniaturized the kits by reducing the reagent volume to 50%

(V050), 25% (V025), 17% (V017) and 13% (V013) of the

original. The reaction volume for V017 and V013 were kept at

25% of the original volume to avoid pipetting volumes below

1 lL. The remaining reaction volume was filled up with RNase-

free water, which resulted in a dilution for the miniaturizations

V017 (1:1.5) and V013 (1:2). Size selection and clean-up were

performed using magnetic DNA Clean Beads (Vazyme, China). In

that step, the reaction volume and reagents were reduced to the

respective miniaturization level with the exception of V017 and

V013 for which the V025 reaction volume and reagents were

used. Apart from these changes, the manufacturer’s protocol was

followed aiming for 250–450 bp long inserts. The 96 separate

libraries were prepared in a 96-well plate with each miniaturiza-

tion level occupying two to four columns. The order of the

columns was randomized starting with the library preparation.

The costs of our experimental workflow were compared to a gold

standard which includes RNA extraction using RNeasy Plant Mini

Kit (Qiagen, Germany) and library preparation using TruSeq RNA

Library Prep Kit v2 (Illumina, USA).

Sequencing, read processing and alignment

The sequencing was performed by BGI on the DNBSEQ-G400

platform. All 96 samples were pooled and a total of 1.42 billion

150 bp paired-end reads were sequenced with an average of

14.8 million read pairs per sample. Two samples did have less

than 2 million reads sequenced and were excluded from all

further analyses. Both samples were from RIL DR8, RNA

extraction replicate #1 and miniaturization levels V013 and

V017, respectively. Various quality statistics of the raw sequenc-

ing reads were calculated using FastQC (Andrews, 2019) and

afterward trimmed with trimmomatic (ILLUMINACLIP:TruSeq3-

PE:2:30:10:1:TRUE SLIDINGWINDOW:4:15 LEADING:3 TRAIL-

ING:3 MINLEN:36) (Bolger et al., 2014). The trimmed reads were

then aligned to the Morex V3 reference sequence (Mascher, 2019)

using Hisat2 (�no-softclip –max-seeds 1000) (Kim et al., 2019).

Alignment against rRNA reference libraries

In an effort to learn about the origin of multi-aligned reads, a read

subset was created including only reads flagged as multi-mapped

in the primary alignment against the reference sequence Morex.

The total data set and the subset of multi-aligned reads were then

aligned against two different rRNA reference libraries to estimate

the percentage of reads originating from rRNA.

The rRNA reference libraries were created using HISAT2

without exon and splice site information. The sequences were

searched for and downloaded as .fasta files from the RNA Central

Expert Database using the following search criteria: (1) Hordeum

vulgare subsp. vulgare rRNA (search term: taxonomy: “112509”

AND rna_type: “rRNA”) (1399 sequences) and (2) Ensembl Plant

database rRNA (search term: rna_type: “rRNA” AND expert_db:

“Ensembl Plants”) (14 880 sequences). The much larger Ensembl

Plant library includes rRNA sequences from many different plant

species (e.g. Arabidopsis thaliana, Oryza sativa Japonica, Triticum

aestivum, Hordeum vulgare) was used to evaluate the Hordeum

vulgare library capability to create a comprehensive rRNA

sequences alignment.

Variant calling and SNP analyses

Variant calling was performed using bcftools mileup (filter: -q 20 -

Q 20) and call functions (Li et al., 2009). The variants were filtered

based on the QUAL score (≥10), the median read depth per

sample (≥5) and the total depth per variant (≥30). The raw variant

call data was imputed using Beagle 5.4 (Browning et al., 2021)

based on standard settings without a reference sequence. In the

resulting SNP data set, all monomorphic and triallelic SNP and all

SNP with more than 30% heterozygosity were removed. The

remaining heterozygote SNP were set to NA and afterward

median imputed. The SNP count comparisons of filtered and

imputed variants used mean SNP counts of each miniaturization

and were based on a 2 million read subset.

Read count analysis

The sorted and filtered alignments were then used to determine

the read count per gene with the help of htseq count (�mode

union) (Anders et al., 2015). The read counts were filtered and

the Trimmed Mean of the M-values (TMM) method was used to

apply a between-sample normalization using the R package

edgeR (Robinson et al., 2009). The mean Pearson correlation was

calculated for all pairwise library replicate combinations within

each RNA extraction replicate. Each DR8 and DR9 library replicate

was averaged for each miniaturization level. For calculating the

correlation between the RNA extraction replicates, the mean of

the read counts across the library preparation replicates was used.

Afterward, the mean of the correlations was calculated for both

DR8 and DR9. Pearson correlations were also calculated between

miniaturizations using the mean read counts of all available

replicates. Read counts were not only calculated for the total data

set but also for the subset of multi-aligned reads. Here we had to

allow for non-unique alignments to be included using the ‘–

nonunique all’ option of the htseq count function. The number of

detected transcripts was calculated based on raw read counts
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of 2 million read subsets of all samples. For the estimation of the

number of consensus transcripts, transcripts with read counts

below 10 were set to 0 in all samples. Afterward, the number of

transcripts present was counted for all combinations of minia-

turization levels.

Gene body coverage

In order to estimate the relative gene body coverage, a non-

random subset of gene-associated reads was evaluated based on

their relative position within the gene. We divided each transcript

into 100 equally sized windows and counted the number of

overlapping reads for each window. Each read was allowed to be

counted multiple times. This analysis was performed for all

expressed transcripts and afterward, the mean number of reads

per sample for each window was calculated. The means were

adjusted to accommodate for varying numbers of total reads per

sample and rescaled to the range [0, 1] using general minimum

and maximum read counts. Because of limitations of the

Rsamtools R-library, only transcripts in the first 536 870 912

bases of each chromosome were included in the analysis.

Additional data analyses

To evaluate, if miniaturization leads to non-random fragmenta-

tion, the rate of each of the four nucleotide bases was calculated

for the first nine bases before and after a fragmentation site. The

first base of each forward read was defined as the first base after

a fragmentation site. Unless the read start was equal to a

transcript start. The first nine bases after the fragmentation site

were therefore the first nine bases of a forward read and the nine

bases before a fragmentation site were the last nine bases of a

reverse read. A GO term enrichment analysis was conducted

between the total data set and the subset of multi-aligned reads.

Statistical differences were calculated using the Fisher exact test.

The P-values were adjusted for multiple testing using the

Benjamini–Hochberg procedure.

The rate of TE reads in the total data set and the subset of

multi-aligned reads was estimated by calculating the rate of reads

that overlap with genome positions annotated as TEs. Significant

differences between groups (e.g. miniaturization levels) were

assessed with post hoc Tukey’s honestly significant difference

tests. A PCA of the filtered, imputed variants across all samples

was performed. A similar analysis was conducted on the TMM-

normalized read counts. All metrics ascertained during the

general sequencing data processing were aggregated using

multiQC (Ewels et al., 2016). The significance threshold for all

statistical tests in this study was set to 0.05.
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Key message

Low-cost and high-throughput RNA sequencing data for barley RILs achieved GP

performance comparable to or better than traditional SNP array datasets when com-

bined with parental whole genome sequencing SNP data.
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ABSTRACT

The field of genomic selection (GS) is advancing rapidly on many fronts including the1

utilization of multi-omics datasets with the goal to increase prediction ability (PA)2

and to become an integral part of an increasing number of breeding programs ensur-3

ing future food security. In this study, we used RNA sequencing (RNA-Seq) data to4

perform genomic prediction (GP) on three related barley RIL populations investigat-5

ing the potential of increasing PA by combining genomic and transcriptomic datasets,6

adding whole genome sequencing (WGS) SNP data, functional parameter filtering,7

and empirical quality filtering. Our RNA-Seq data were generated cost-efficiently8

using small footprint plant cultivation, high-throughput RNA extraction, and library9

preparation miniaturization. We also examined the depth of the sequencing as an10

additional cost-saving measure. We used five-fold cross-validation to evaluate the PA11

of the gene expression dataset, the RNA-Seq SNP dataset, and the consensus SNP12

dataset between the RNA-Seq and parental WGS data, resulting in PAs between13

0.73 and 0.78. The consensus SNP dataset performed best, with five out of eight14

traits performing significantly better compared to a 50K SNP array, which served as15

a benchmark. The advantage of the consensus SNP dataset was most prominent in16

the inter-population predictions, in which the training- and validation-set originated17

from different RIL sub-populations. We could therefore not only show that RNA-Seq18

data alone are able to predict various complex traits in barley using RIL, but also19

that the performance can be further increased by WGS data for which the public20

availability will steadily increase.21
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INTRODUCTION

The continuous increase in the global population and the per capita crop demand cre-1

ate the need for agricultural expansion and advancements in plant breeding (Lenaerts2

et al., 2019; Tilman et al., 2011). The ecological impact of land clearing due to agri-3

cultural intensification is already substantial and will increase further (Zabel et al.,4

2019; Burney et al., 2010). This makes improving crop yield one of the most impor-5

tant tasks (Burgess et al., 2023).6

The improvement of agriculturally important quantitative traits by plant and ani-7

mal breeding was achieved for thousands of years without knowledge of genetics prin-8

ciples but simply based on artificial human selection on phenotypes (Purugganan and9

Fuller, 2009; Pourkheirandish and Komatsuda, 2007; Wright, 2005). This changed10

in recent decades with the increase in knowledge and capabilities in genetics, which11

in turn was possible by dramatic progress on genotyping and sequencing approaches.12

This enabled the development and application of marker-assisted selection (MAS)13

(Dekkers and Hospital, 2002; Lande and Thompson, 1990; Fernando and Grossman,14

1989). The challenge is that most agriculturally relevant traits are quantitative traits15

controlled by many genes with each having only a small effect (Glazier et al., 2002;16

Mackay, 2001), while MAS is most effective when large-effect loci contribute to the17

trait of interest (Heffner et al., 2009). With the increasing availability of high den-18

sity genome-wide genetic marker data, genomic selection (GS) was introduced as19

a method to estimate breeding values using all available marker data (Meuwissen20

et al., 2001) and not only those that were significantly associated with the trait. GS21

alleviated the downside of classical MAS when trying to predict complex quantita-22
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tive traits with many small-effect loci (Zhao et al., 2014) and increased the rate of1

genetic gain. While GS was first studied in the context of animal breeding, it was2

later adopted by plant breeders (Heffner et al., 2009; Zhong et al., 2009; Bernardo3

and Yu, 2007). The reduction in costs to produce marker data using next-generation4

sequencing techniques such as genotyping by sequencing (GBS) further increased the5

popularity of GS (Bhat et al., 2016).6

Over the last decade, advances in GS methods have led to increased prediction7

abilities. For example, utilizing high-throughput phenotyping data as predictors8

increased the performance of multivariate GS models (Rutkoski et al., 2016). Addi-9

tionally, traditional GS models were expanded to multi-trait GS models (Tsai et al.,10

2020; Lyra et al., 2017; Jia and Jannink, 2012). Furthermore, multi-environmental11

GS models increased the predictability in multiple studies (Hu et al., 2023; Li et al.,12

2019). The most recent advances are the inclusion of deep learning, machine learning,13

and artificial intelligence in the GS workflow (Sandhu et al., 2021; Montesinos-Lopez14

et al., 2021; Bayer et al., 2021; Washburn et al., 2020; Harfouche et al., 2019). This15

is an ongoing field of research and is not yet fully explored, with studies showing16

limitations or at least the need for adjustments to current implementations (Ubbens17

et al., 2021).18

While the core of most GS models is a relationship matrix derived from genomic19

marker data, in the field of multi-omic GS additional sources of information like20

transcriptome and metabolome data can be used as predictors. The transcriptome21

is a promising predictor, bridging the gap between the genome and the trait (Azodi22

et al., 2020). Quantified gene expression can be captured using a microarray or23

mRNA sequencing (RNA-Seq). RNA-Seq data are more versatile than microarrays24
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as from such data not only gene expression information can be extracted but also1

sequence variants in the portion of the genome covered by the sequenced RNA (Azodi2

et al., 2020; Weisweiler et al., 2019). Because both aspects are rarely considered3

together and to our knowledge no research is available that evaluates functional or4

quality based sub-setting of sequence variants from RNA-Seq data, the full potential5

of RNA-Seq datasets for GS is not yet sufficiently studied.6

Within the field of plant breeding, several studies have previously shown that7

including transcriptome and metabolome data (multi-comics) in GS models has the8

potential to increase prediction capabilities. For example, Michel et al. (2021) added9

incomplete RNA-Seq data to complete genomic marker data to assess disease re-10

sistance phenotypes in wheat. In addition, a multi-omics prediction study in oat11

used transcriptomic and metabolomic data to compare single-environmental trials12

and multi-environmental trials (Hu et al., 2021). Guo et al. (2016) was able to suc-13

cessfully combine transcriptomic and metabolomic data with genomic markers from14

diverse maize inbred lines to increase predictability in GS. Data using multi-omics15

GS in barley, on the other hand, are extremely limited and only recently started to16

emerge (Wu et al., 2022).17

Almost all previous studies focused on diversity panels to validate the capabilities18

of their GS model (Hu et al., 2021; Michel et al., 2021; Westhues et al., 2019; Schrag19

et al., 2018; Westhues et al., 2017; Guo et al., 2016). However, in plant breeding pro-20

grams, half-sib or full-sib families are typically used from which the most appropriate21

progenies are selected. Nevertheless, to the best of our knowledge, no earlier study22

evaluated the potential of multi-omic GS models in this context.23
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In this study, we explore the capabilities of low-cost RNA-Seq data to perform1

genomic prediction (GP) on three connected spring barley RIL populations with 2372

individual lines for eight agriculturally important traits each measured in up to seven3

environments. Based on this dataset, the potential to increase the performance of4

the GP model by combining genomic and transcriptomic data, functional parameter5

filtering, and a novel empirical two-step quality filtering approach is evaluated. Lastly,6

we examine multiple optimization parameters that could lead to cost and time savings7

without sacrificing prediction ability.8
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MATERIALS AND METHODS

Genetic material1

The HvDRR population was developed from pairwise crosses among 23 diverse parental2

inbreds (Weisweiler et al., 2019) using the double round-robin (DRR) mating design3

(Stich, 2009). Our study was based on 237 recombinant inbred lines (RIL) from4

three HvDRR sub-populations (Casale et al., 2022) that were derived from pairwise5

crosses among parental inbreds Spratt-Archer, HOR8160, and Unumli-Arpa (Fig. 1).6

The three sub-populations were designated in the following as HvDRR13 (65 RIL),7

HvDRR27 (92 RIL), and HvDRR28 (80 RIL).8

Plant cultivation for RNA extraction9

All RIL were cultivated in a randomized augmented incomplete block design. A10

block consisted of 24 samples, including 21 RILs and all three parents as controls11

(Fig. 1). The cultivation workflow was identical to that described previously (Arlt12

et al., 2023). In summary, for each RIL, 15 seedlings were cultivated in vertically13

stacked square Petri dishes for seven days in a reach-in growth chamber under the14

following conditions: 70% relative humidity, 16 hours of light (6:00 - 22:00), 22 degrees15

(day) / 20 degrees (night), and light intensity about 400 µmol m−2 s−1 (Fig. S1).16

The time of day for planting and harvesting were similar (within two hours) for all17

samples. All plants in the same block were processed simultaneously.18

RNA extraction19

The seedlings were harvested as a whole, immediately frozen, and ground. From20

50 mg of plant material, total RNA was extracted using TRIzol reagent (Thermo21

Fisher, USA). The manufacturer’s protocol was adapted as described below to fit a22
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96-well format and to use less reagent (Arlt et al., 2023). The input plant material1

and all the reagents for extraction were halved. The final washing step in 75%2

ethanol was repeated one additional time to ensure that all the remaining phenol3

was removed. All other steps were performed as proposed by the manufacturer. The4

total RNA concentration was quantified using a NanoPhotometer NP 80 from Implen5

(Germany). A total of 33 extractions were randomly selected for evaluation using6

the Fragment Analyzer (Agilent, USA).7

Library preparation8

The mRNA was selected based on a poly-A tail mRNA capture method (Vazyme,9

China) using 1µg total RNA input. The full-length mRNA library was constructed10

using the VAHTS Universal V6 RNA-seq Library Prep Kit for Illumina kit from11

Vazyme (China). We miniaturized the procedure by reducing the volume of reagent12

to 25% of the original amount (Arlt et al., 2023). Size selection and cleanup was13

performed using magnetic DNA Clean Beads (Vazyme, China). Apart from the14

miniaturization, the manufacturer’s protocol was followed aiming for 250-450bp long15

inserts.16

Sequencing and read processing17

Sequencing was performed by BGI on the DNBSEQ-G400 platform. All 284 sam-18

ples were pooled and a total of 3.70 billion 150 bp paired end reads were sequenced19

with an average of 13.0 million read pairs per sample (Arlt and Stich, 2022). Var-20

ious quality statistics of raw sequencing reads were evaluated using fastQC (An-21

drews, 2019) and afterwards trimmed with trimmomatic (ILLUMINACLIP:TruSeq3-22

PE:2:30:10:1:TRUE SLIDINGWINDOW:4:15 LEADING:3 TRAILING:3 MINLEN:36)23

(Bolger et al., 2014). The trimmed reads were then aligned to the Morex V3 reference24
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sequence (Mascher, 2019) using Hisat2 (–no-softclip –max-seeds 1000) (Kim et al.,1

2019).2

Sequence variant calling3

Variant calling was performed using the following three datasets: RNA sequencing,4

SNP array, and whole genome sequencing (WGS) data. (1) For all RNA-Seq datasets,5

variant calling was performed using the bcftools mpileup (filter: -q 20 -Q 20) and call6

function (Li et al., 2009). All duplicated genotypes were united using the major allele7

as consensus. All variants with missing parental genotype information were excluded.8

Afterwards, the data was cleaned by setting all heterozygous alleles to NA, due to9

the near complete homozygosity of all inbred lines used in this study. Additionally,10

all RIL alleles inconsistent with parental alleles were set to NA. The missing data was11

median imputed for each RIL population independently. The resulting dataset was12

designated in the following as SNP Total
RNAseq. To test the impact of quality filtering on a13

less strictly cleaned dataset SNPRaw
RNAseq was created, which did not set heterozygous14

/ inconsistent allele calls to NA and did not remove variants with missing parental15

data. (2) Already existing SNP array data for the same RIL were included in this16

study (SNP Total
Array). The data were generated using the Illumina 50K iSelect SNP17

array for barley (Bayer et al., 2017). The SNP array dataset was filtered as described18

by Casale et al. (2022). (3) Additionally, all available RNA-Seq SNP were intersected19

with WGS SNP data from the parental inbreds (Weisweiler et al., 2022), selecting20

only variants that were present in both datasets and therefore building a consensus21

subset (SNP Total
WGS ). For SNP Total

WGS , missing SNP data were imputed using parental22

WGS SNP data with Beagle (Browning et al., 2021). For all datasets described above,23

genetic differentiation Gst was calculated according to Nei (1973).24
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RNA-Seq SNP function filtering1

The function of the SNP in the SNP Total
RNAseq dataset was determined using the SnpSift2

and SnpEff programs (Cingolani et al., 2012a,b). We used the SNP functional infor-3

mation to filter the total dataset and create two new subsets. The first SNP functional4

subset contained only SNP within the 5’UTR and 3’UTR within a 5 kb distance to5

the coding region (SnpSift.jar filter ”(ANN[*].EFFECT has ’upstream gene variant’)6

|| (ANN[*].EFFECT has ’downstream gene variant’)”) and was designated in the7

following as SNPReg.
RNAseq. The second SNP function subset excluded all synonymous8

SNP, only selecting missense variant SNP in the coding region (SnpSift.jar filter9

”ANN[*].EFFECT has ’missense variant’”) and was designated in the following as10

SNPCDS
RNAseq. Missing data was median imputed and all monomorphic markers were11

excluded.12

RNA-Seq SNP quality filtering13

The following quality filtering parameters were used to filter SNP Total
RNAseq: read depth14

(DP), minor allele frequency (MAF), quality score (QUAL), and number of samples15

without data (NS). The filtering was based on the information from the vcf file. After16

determining the minimum and maximum values of SNP Total
RNAseq for the four criteria,17

the full spectrum was divided into 21 segments based on relative filtering strength18

(from 0% to 100% in 5% steps). For each step, the results of the genomic prediction19

cross-validation were analyzed to determine the relative filter strength that performs20

best for each criterion.21

In a last step, the subsets with the best filtering performances were combined22

creating the inclusive marker intersects, which were evaluated for their prediction23

ability. The results were compared to a standard SNP filtering procedure (missing24
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rate < 20%, MAF > 0.05) (Atanda et al., 2022; Wen et al., 2018) and the prediction1

abilities were tested for their significance using pairwise t-tests. The best performing2

combination was selected and the data were cleaned and imputed analogously to the3

procedure of SNP Total
RNAseq. The resulting quality-filtered RNA-Seq SNP subset was4

designated in the following as SNPQC
RNAseq.5

Read count calculation6

The expression per transcript was determined for all samples with the help of ht-7

seq count (–mode union) (Anders et al., 2015). The Trimmed Mean of the M-values8

(TMM) method was used to apply a between-sample normalization using the R pack-9

age edgeR (Robinson and Oshlack, 2010). All transcripts in which at least 2% of the10

samples had non-zero read counts were included in the total expression dataset. The11

original read counts (GETotal
RNAseq) were filtered using a counts per million (cpm) thresh-12

old which maximizes the number of differentially expressed genes (DEG) resulting13

in the filtered expression dataset (GEFilter.
RNAseq). The method used is similar to the14

DEseq2 filtering approach (Love et al., 2014). DEG was calculated for each of the15

available genotypes (all RILs of the three populations and the parental inbreds) and16

compared to the general mean. The dispersion was estimated by edgeR based on the17

replicated parental inbreds. An additional dataset was created that included only18

the DEG (GEDEG
RNAseq). For all expression subsets, a per transcript normalization was19

applied to correct for any block effects on the expression levels. We used the following20

linear mixed model for each transcript: yijk = µ + Gi + Bj + εijk, with the genotype21

effect (Gi, fixed), block effect (Bj , random), and an error term (εijk). Afterwards,22

the adjusted entry means were calculated using the emmeans package (Searle et al.,23

1980). This normalization method was designated in the following as EMM normal-24
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ization. The GP performance was evaluated using, only EMM normalization, only1

TMM normalization, both normalization methods together (EMM first, TMM first),2

and with un-normalized read counts.3

Phenotypic datasets4

In this study eight phenotypic traits were considered (Tab. 1). All phenotypic infor-5

mation was collected in field experiments using an augmented row-column design in6

which the RIL were planted with a single replicate. The parental inbreds were used7

as checks with multiple replicates. The awn and spike length data were collected be-8

tween 2019 and 2021 in five different environments. Flowering time and plant height9

were part of field experiments from 2017 to 2019 in seven environments (Cosenza10

et al., 2024). Grain length, grain width, grain area, and thousand grain weight were11

measured between 2017 and 2019 in four different environments (Shrestha et al.,12

2022). The adjusted entry means for the phenotypic values were calculated using the13

following mixed linear model: yijk = µ+Gi+Ej +(G×E)ij +εijk, with the genotype14

effect (Gi, fixed), environment effect (Ej , random), and the genotype-environment15

interaction effect ((G×E)ij , random), as well as an error term (εijk). The heritability16

for all phenotypic traits was calculated as H2 = σ2

G/(σ2

G + ν̄/2), where ν̄ was the17

mean variance of difference between two adjusted entry means (Piepho and Möhring,18

2007).19

Genomic prediction20

We used all eleven datasets described above (Tab. 2) to predict the adjusted entry21

means for all eight traits. The values of all expression and sequence variant datasets22

were converted into z-scores (µ = 0, σ = 1) for error normalization. Afterwards,23

additive relationship matrices were calculated for each of the datasets: G = W ∗W ∗
T

m
,24
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where W ∗ was the z-score matrix of the feature measurements W , W ∗
T

was the1

transposed z-score matrix and m the number of features per dataset. We used the2

following genomic best linear unbiased prediction (GBLUP) model (VanRaden, 2008):3

y = µ+Zu+ε, where y was the vector of adjusted entry means of the examined trait,4

µ the general mean, Z the incidence matrix of genotypic effects, and u the vector of5

genotypic effects that are assumed to be normally distributed with u ∼ N(0, Gσ2
u), in6

which G denotes the relationship matrix between inbreds and σ2
u the genetic variance.7

In addition, ε is the vector of residuals following a normal distribution ε ∼ N(0, Iσ2
e).8

This approach was used across all three segregating populations. Multiple predictor9

datasets were included in the model by calculating the weighted average between the10

relationship matrices G (Wu et al., 2022). The weight of each matrix was equal, if11

not otherwise stated. The training and testing population was simulated using 5-fold12

cross-validation and 50 repetitions.13

Genomic prediction: Intra and inter-population analyzes14

In addition to the prediction across the three RIL populations, various intra- and15

inter-population analyses were performed. For the intra- and inter-population ge-16

nomic prediction, fixed size randomized samples were used as training and testing17

set with 200 repetitions. The relationship matrices and GP model were identical to18

the above described 5-fold cross-validation method. We used multiple subsets from a19

single RIL population with a fixed number of individuals as training and testing set20

to evaluate the intra-population prediction ability of our data.21

We created a training and testing set from the same RIL population. The number22

of individuals for each set was the same for all RIL populations. The inter-population23

prediction ability was tested by using one of the three RIL populations as training set24
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and a second as testing set. The number of individuals included in both sets was kept1

constant. Intra- and inter-population results were compared to the GP performance2

using cross-population training and testing sets.3

Genomic prediction: Reduced sequencing depth4

To evaluate the impact of reduced sequencing depth on GP performance, we tested 135

sequencing depth subsets. The number of reads per sequencing depth subset ranged6

from 10K to 7M. The reads to include were randomly selected from all uniquely7

mapped reads of the alignment data. Samples which did have less uniquely mapped8

reads than required were excluded. To ensure comparability, the same samples were9

included across all datasets for which GP was performed. All other steps of the data10

processing workflow were not changed. We tested the impact on RNA-Seq sequencing11

variant datasets for three different filtering methods creating the reduced sequencing12

depth equivalents of SNP Total
RNAseq, SNPStn.

RNAseq, and SNPQC
RNAseq for each of the 1313

sequencing depths. Similarly, the expression datasets were evaluated including all14

transcripts (GETotal
RNAseq), filtered transcripts (GEFilter.

RNAseq), and DEG (GEDEG
RNAseq).15
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RESULTS

Characterization of gene expression data and their GP performance1

RNA-Seq data was used to characterize the expression pattern of 237 RIL from the2

HvDRR13, HvDRR27, and HvDRR28 population and their parental inbreds Spratt-3

Archer, HOR8160, and Unumli-Arpa (Fig. 1). The number of detected transcripts4

per sample ranged from 22.1K to 30.9K (mean 28K) and did not show significant5

differences (p > 0.05) between the genetic material groups (Fig. 2A). The different6

segregating populations were clearly separated in the expression-based PCA (Fig. 27

B). The RIL within each population were arranged according to their phenotypic8

values (Fig. S2).9

The total gene expression dataset (GETotal
RNAseq) which included 42.6K transcripts10

was divided into two subsets: (1) transcripts with an average cpm > 0.39 (GEFilter.
RNAseq;11

37.7K transcripts) and (2) a subset only including DEG (GEDEG
RNAseq; 7.3K tran-12

scripts)(Fig. 2C). We determined the cpm threshold for the GEFilter.
RNAseq dataset based13

on the maximum number of significant DEG detected (Fig. S3). This resulted in a14

cpm threshold lower than the standard edgeR threshold of about 1.7. The standard15

filtering approach of edgeR resulted in < 6K DEG.16

We measured gene expression per transcript as well as per gene and detected a17

slight but significant increase (p = 0.009) in PA for the former in GETotal
RNAseq (Fig.18

S4A). We also compared different normalization methods. For the un-normalized19

cpm and the TMM normalized cpm, the GP performance did not differ significantly20

(p > 0.05), while the EMM normalized GP results were significantly lower (p = 0.003)21

compared to the PA of the un-normalized results (Fig. S4B-C).22
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The PA of the GETotal
RNAseq set was with an average 0.68 across all traits, the lowest1

of all gene expression subsets. The GP performance of GEFilter.
RNAseq was slightly higher2

(0.69) but both were outperformed by GEDEG
RNAseq which had an average prediction3

ability of 0.73 (Fig. 2D). The PA differed among the traits. Flowering time was in all4

subsets the most difficult to predict resulting in an average prediction ability between5

0.59 and 0.67. Ear length was the trait most accurately predicted with an average6

prediction ability between 0.78 and 0.82.7

Prediction ability of sequence variant datasets8

In addition to the expression data, sequence variant calling was performed for the9

RNA-Seq dataset comprising 148K variants after cleaning and imputation (SNP Total
RNAseq).10

The SNP data was further subset based on variant function annotation, creating a11

set that only included variants in regulatory regions of genes (SNPReg.
RNAseq) and a set12

that only included missense variants in gene coding sequences (SNPCDS
RNAseq). The13

latter led to an increase in PA of 0.013 compared to SNP Total
RNAseq (Fig. 3). A com-14

parable increase in PA was achieved by filtering the RNA-Seq variants using quality15

criteria.16

In this study, two quality-filtered subsets were evaluated. First, our own empirical17

quality filtering subset designated in the following as SNPQC
RNAseq and second, the18

subset SNPStn.
RNAseq which is based on previously published filtering criteria (Atanda19

et al., 2022; Wen et al., 2018). We used the following quality criteria for the em-20

pirical quality filtering workflow: read depth (DP), minor allele frequency (MAF),21

missing data (NS), and quality score (QUAL). More than 20 quality filtering sub-22

sets of SNP Total
RNAseq, ranging from no filtering to maximum filtering strength, were23

created and their GP performance was evaluated (Fig. S5). For each of the quality24
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filtering criteria, the best performing SNP Total
RNAseq subset was selected and combined1

with one or more of the remaining subsets (Fig. 4A). Most combinations showed a2

slight increase in PA and the best performing combination (designated in the fol-3

lowing as SNPQC
RNAseq) was 0.002 higher than the subset of best performing single4

criteria of the combination (not significant: p > 0.05). SNPQC
RNAseq included 42.5K5

variants, utilized MAF and QUAL as quality filter criteria, and performed with a6

0.015 PA increase considerably better than SNP Total
RNAseq. A slightly lower uplift was7

achieved by SNPStn.
RNAseq. However, when comparing the GP results of SNPStn.

RNAseq8

and SNPQC
RNAseq for each of the traits, SNPQC

RNAseq performed significantly better9

(p ≤ 0.025) for half of them (Fig. 4B). A PCA was performed using the SNPQC
RNAseq10

subset and a separation between the three parental inbreds and RIL populations was11

observed as expected (Fig. S6A). Each of the eight traits showed clear differences12

among the parental inbreds that caused phenotypic variance in the corresponding13

segregating populations (Fig. S6B-I).14

Lastly, WGS data from the parental inbreds were used to create an optimized15

WGS imputed RNA-Seq consensus variant dataset (SNP Total
WGS ) achieving a PA of16

0.776. This constitutes a 0.033 increase compared to SNPQC
RNAseq and 0.009 compared17

to the SNP array dataset. SNP Total
WGS showed the highest PA averaged across all18

traits. Based on SNP Total
WGS , two function-based subsets (SNPReg.

WGS and SNPCDS
WGS)19

were created, but none of them had a positive impact on the GP results.20

GP performance of combined datasets21

We selected the best performing datasets from these four main groups: gene ex-22

pression (GEDEG
RNAseq), RNA-Seq SNP (SNPQC

RNAseq), RNA-Seq/WGS consensus SNP23

(SNP Total
WGS ), and array SNP (SNP Total

Array). We tested the combined GP performance24
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by merging two or more of these datasets (Fig. 5). For that, the additive relationship1

matrices calculated from each of the individual datasets were averaged, and the result-2

ing matrix was used for GP. The combination of two datasets resulted in an average3

increase in PA of 0.01. Three of the six combined matrices were able to outperform4

the best dataset included in the combination (Fig. 5A). The average performance of5

all triple dataset combinations (0.77) was increased by 0.02 compared to the single6

datasets and by 0.01 compared to the double dataset combinations. Combining all7

four datasets resulted in an average PA of 0.78, which is 0.02 higher compared to8

the average single dataset GP and slightly better than the triple dataset combination9

average. However, none of the combinations showed a significantly higher PA (p >10

0.05) than the best individual dataset included in the combination.11

Examining each trait separately revealed a significant (p < 0.01) increase in GP12

performance for at least one of the traits in multiple combined datasets (Fig. 5B).13

The best performing combination consisted of SNPQC
RNAseq and SNP Total

Array, as it signif-14

icantly increased PA for three traits (p ≤ 0.016) and only decreased significantly (p <15

0.001) once. Combining SNP Total
WGS and GEDEG

RNAseq with equal weight resulted in a sig-16

nificant decrease in prediction ability for all eight traits. We also tested for significant17

differences compared to SNP Total
Array (Tab. S1). SNP Total

WGS significantly outperform18

SNP Total
Array in five of eight traits. Combining SNP Total

WGS , SNPQC
RNAseq and GEDEG

RNAseq19

significantly increased half of the traits (p ≤ 0.025), which was the best-performing20

combination without including SNP Total
Array. We further evaluated the combination in-21

cluding GEDEG
RNAseq and SNP Total

WGS by testing a range of weighted combinations (Fig.22

5C). We started with only the GEDEG
RNAseq dataset and gradually increased the per-23

centage of weight contribution SNP Total
WGS until only the SNP Total

WGS data remained.24
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The results of the trait flowering time showed a significant increase (p = 0.007) in1

GP performance for an unbalanced combination with a 90% weight contribution by2

SNP Total
WGS . For all other traits, the combinations resulted in lower PA.3

We quantified the differences of the same four datasets by calculating Pear-4

son’s correlation coefficient of the additive relationship matrices (Fig. S7). The5

correlation between SNPQC
RNAseq and SNP Total

WGS was the highest with a correlation6

coefficient of 0.98. The correlation of SNP Total
Array with SNP Total

WGS (r = 0.91) and7

SNPQC
RNAseq (r = 0.89) showed slightly lower level of similarity. The gene expres-8

sion matrix (GEDEG
RNAseq) was more dissimilar compared to the remaining datasets9

(r = 0.59− 0.61). We split the additive relationship matrices into segments based on10

the populations to calculate the correlation for all populations and inter-population11

combinations separately. We focused on the correlation between SNP Total
Array and the12

remaining three datasets (Fig. S8) and showed for all three matrix combinations that13

the correlation coefficient was lower for the intra-population covariances than for the14

inter-population covariances. Additionally, large differences in similarity were shown15

for intra-population covariances.16

Comparison of intra- vs. inter-population GP17

To compare the GP performance using population-specific combinations of training18

(TS) and validation sets (VS), we had to adjust the validation procedure to account19

for the variable population sizes. Therefore, we switched from a 5-fold cross-validation20

scheme to a random subset validation with fixed training and testing set sizes. We21

established a baseline by performing cross-population GP using samples of multiple22

populations in TS and VS (Fig. 6A). The prediction ability with a low TS size23

(20) varied between 0.47 (GEDEG
RNAseq) and 0.58 (SNP Total

Array). These results could be24
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improved by 0.25 for GEDEG
RNAseq and by 0.18 for SNP Total

Array when increasing TS size1

to 170.2

We then separated the populations and tested intra-population GP performance3

(TS = VS population) and inter-population GP performance (TS ̸= VS population)4

with a fixed TS size of 50 (Fig. 6B). For most datasets and comparisons, the intra-5

population GP results were slightly lower than cross-population results, with only6

SNPQC
RNAseq and SNP Total

WGS showing slightly higher performance (0.02) for HvDRR28.7

The prediction abilities of the inter-population GP results were lower compared to8

the intra-population GP results. GP performance depended on the combination of9

populations tested and resulted in prediction abilities ranging from 0 to 0.29. The10

worst performing combination between HvDRR28 (TS) and HvDRR13 (VS) was best11

predicted by GEDEG
RNAseq.12

Although the overall ranking between the datasets did not change between intra-13

and inter-population GP (Fig. S9), the relative differences between them varied14

(Fig. 6C). SNP Total
WGS performed 5% better than SNPQC

RNAseq in intra-population GP15

and the difference increased to 25% in inter-population GP. The difference in PA16

between SNP Total
WGS and SNP Total

Array increased from < 1% in intra-population GP to17

almost 3% better performance of SNP Total
WGS in inter-population GP. The difference18

in performance between SNPQC
RNAseq and GEDEG

RNAseq was largest in intra-population19

GP (13%) but decreased to 3% in inter-population GP aligning the performance of20

both datasets.21

Effect of sequencing depth reduction on GP performance22

We tested the GP performance of 13 sub-sampled datasets with reduced sequenc-23
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ing depths from 7M to 10K reads using RNA-Seq SNP and gene expression data1

including 155 samples with sufficient reads (Fig. S10) and from 3M to 10K reads2

including 229 samples (Fig. 7). The GP performance of the three RNA-Seq SNP3

datasets was significantly (p < 0.001) affected by a reduction in sequencing depth4

(Fig. 7A). For SNP Total
RNAseq, the prediction ability decreased only insignificantly (p >5

0.05) for all subsets that started with more than 400K uniquely mapped reads (200K6

for SNPStn.
RNAseq and SNPQC

RNAseq). Reduction in sequencing depth below 100K reads7

impacted the GP performance considerably more. SNP Total
RNAseq showed higher predic-8

tion ability values than SNPStn.
RNAseq below 50K variants, while the quality filtering9

dataset SNPQC
RNAseq increased the performance in all subsets. For the three gene10

expression datasets, performance started to decline earlier, with only the 2M and11

3M subsets showing no significant differences between each other (p > 0.05) (Fig.12

7B). GEDEG
RNAseq performed worst in the 10K subset and only exceeded the prediction13

ability values of the other two datasets at sequencing depths over 100K.14
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DISCUSSION

Filtering of RNA-Seq datasets to unravel the full GP potential1

We started with independently evaluating the GP performance of sequence vari-2

ants and gene expression datasets derived from RNA-Seq data in a cross-population3

scenario. For most applications, the accuracy of RNA-Seq gene expression data is4

increased by the inclusion of replicates to counter act the technical errors introduced5

by experimental factors (Schurch et al., 2016). However, we expect that RNA-Seq6

will only find its way into routine plant breeding programs, if it can be applied with-7

out replications and as such it was examined in our study. Therefore, we normalized8

the gene expression values per transcript based on a linear model including a block9

effect to adjust the read counts (EMM) (Fig. S4B). While in 88% of all transcripts in10

GEDEG
RNAseq the block effect was significant (p < 0.05), adjusted gene expression values11

negatively affected GP performance and led to a significant PA decrease (p < 0.001).12

Further research is necessary to learn whether a block normalization can be helpful13

in normalizing gene expression data in a controlled environmental setting similar to14

this study.15

In addition to the EMM normalization, we tried to account for differences in16

transcriptome composition or sequencing lane effects by applying the per-sample17

normalization TMM implemented in edgeR (Robinson and Oshlack, 2010; Dillies18

et al., 2013), but it did not significantly (p > 0.05) change the prediction ability of19

GEDEG
RNAseq (Fig. S4C). We assume that this is because all examined genotypes were20

partially related, limiting differences in transcriptome composition. Furthermore, the21

library pool was evenly distributed across all lanes.22
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Although normalization did not lead to an uplift in GP performance, we were able1

to increase PA by filtering for DEG. The resulting dataset GEDEG
RNAseq was the best2

performing gene expression dataset across all traits with an average prediction ability3

of 0.73 (Fig. 2). Filtering also increased GP performance in the sequence variant4

datasets extracted from the RNA-Seq data (Fig. 3). In the end, the prediction based5

on sequence variation exceeded the prediction based on gene expression when aver-6

aged across all traits. This finding is in agreement with previous results (Azodi et al.,7

2020). This indicates a limited prediction potential of gene expression data which8

could have multiple reasons. Similarly to Azodi et al. (2020), we were using only9

seedling material for GP. Therefore, most spatiotemporal specific DEG were not cap-10

tured in our data (Klepikova et al., 2016), which potentially limits GP performance.11

Conversely, creating trait-specific transcriptome data by focusing on the most rele-12

vant time point, developmental stage, and tissue could increase the ability to predict13

specific traits.This, however, is unlikely to be realistic in the context of commercial14

plant breeding programs. The overall number of transcripts detected was limited by15

the sequencing depth (Conesa et al., 2016). However, the sequencing depth in our16

study was chosen so that the related costs are comparable to that of genotyping using17

a SNP array. Ultimately, the prediction ability potential of transcriptome datasets18

can only be fully exploited by grouping and weighting individual genes, using prior19

knowledge of the trait and associated gene networks. Similar methods exist but have20

never been applied in this context (Zarringhalam et al., 2018). We are convinced21

that future research can further increase the GP performance of transcriptome data,22

while the costs of creating such datasets will remain comparable to the costs of an23

SNP array.24
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We evaluated the impact of function filtering of the unfiltered RNA-Seq based1

variant data (SNP Total
RNAseq) based on two criteria: SNP in the 3’UTR and 5’UTR2

and nonsynonymous SNP in the CDS. In our study, both function filtering criteria3

achieved comparable GP performance while relying only on a fraction of the total4

variants, which also was previously observed (Li et al., 2022; Cappetta et al., 2021;5

Tan et al., 2017). While the 3’UTR and 5’UTR are known to be regulatory regions6

in which SNP can be associated with gene expression variation (Dossa et al., 2021;7

Zhang et al., 2019), in our study filtering missense SNP in the CDS resulted in a8

greater uplift of GP performance.9

Quality filtering using the four quality criteria read depth, minor allele frequency,10

missing rate, and quality score were able to increase prediction ability compared to11

SNP Total
RNAseq. The combination of multiple quality filter criteria further increased12

the GP results and led to the best-performing RNA-Seq sequence variant dataset13

SNPQC
RNAseq (Fig. 4). Although our empirical quality filtering workflow did not result14

in a much larger average prediction ability compared to the commonly used filter15

settings (Atanda et al., 2022; Wen et al., 2018), for half of the traits evaluated in this16

study, PA was significantly increased (p ≤ 0.025) by empirical quality filtering. We17

leveraged the information of the homozygosity of the RILs, the population structure,18

and the parental information to strictly clean and correct the sequence variant data,19

which reduced the impact of quality filtering on the GP performance. However, we20

observed that without strict cleaning using the before mentioned prior knowledge,21

the impact of quality filtering was much greater (Fig. S11). We applied the empirical22

quality filtering workflow to SNPRaw
RNAseq, which resulted in a prediction ability of23

0.75 which is comparable to that of SNPQC
RNAseq. This observation suggests that our24
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empirical quality filtering workflow is therefore also able to provide good prediction1

abilities in situations with limited prior knowledge and, thus, might be relevant for2

other studies.3

The last approach to improve the prediction ability that we examined was the4

exploitation of SNPs from parental inbred lines. In our study, the consensus dataset5

from the RNA-Seq and WGS variants (SNP Total
WGS ) was the overall best performing6

dataset for GP. SNP Total
WGS outperformed SNP Total

Array for five out of eight traits signif-7

icantly (p < 0.05). Adding WGS data to improve GP performance was previously8

only examined in combination with SNP array data (Weber et al., 2024; Brøndum9

et al., 2015). Weber et al. (2024) showed insignificant improvements to the prediction10

accuracy and concluded that the WGS data were unable to add important informa-11

tion due to the relatedness of the sample groups and linkage disequilibrium between12

many WGS markers. In contrast, in our study the advantage of including WGS data13

is apparent and illustrates that for some predictor types, for instance, RNA-Seq and14

potentially also GBS datasets, the benefit from WGS data is more significant than15

for the already highly curated markers included in a SNP Array.16

Cost optimization of GP using RNA-Seq17

In addition to the filtering steps discussed above to improve the prediction ability,18

the selection of the optimal TS size is also important. In our study, increasing the19

TS size from 20 to 80 led to a drastically increased prediction ability (Fig. 6A).20

Increasing the TS to 170 only slightly increased the prediction ability further. The21

diminishing returns of TS size depends on the population structure and has been22

studied extensively before and therefore are not discussed further (Zhu et al., 2022;23

Bustos-Korts et al., 2016; Isidro et al., 2015; Rincent et al., 2012; Lorenz et al., 2012).24
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One further aspect to optimize the balance between prediction ability and cost1

is the sequencing depth. Our resampling simulations illustrated that the sequencing2

depth of RNA-Seq can be significantly reduced without sacrificing GP performance3

(Fig. 7). For SNPQC
RNAseq, the reduction in GP performance was only marginal4

until the number of reads fell below 200K. This finding indicated that many sequence5

variants do not contain additional information, as they are part of the same haplotype6

block, and therefore reducing the number of reads and therewith sequence variants7

does not necessarily lead to a decreased trait prediction.8

However, when reducing the sequencing depth further, we observed for the datasets9

that underwent a strong quality filtering a considerably reduction in PA. The SNPStn.
RNAseq10

filtering resulted in < 100 sequence variants in the 10K read depth subset compared11

to the 6.9K marker in SNP Total
RNAseq. Therefore, GP performance decreased as a con-12

sequence due to an insufficient number of polymorphic variants, which in turn led13

to an imprecise estimation of genetic relatedness. SNPStn.
RNAseq and SNP Total

RNAseq were14

outperformed by SNPQC
RNAseq with 1.5K sequence variants at the same sequencing15

depth. These results illustrate the balance between the number of variants needed to16

achieve the necessary LD between variants and trait-coding polymorphisms and the17

selection of informative variants.18

In comparison to the above outlined influence of a reduced sequencing depth19

on the prediction ability of sequence variant datasets, we observed a reduction of20

the prediction ability already at higher number of reads (around 3M) for the gene21

expression datasets. Even more pronounced was that the reduced number of reads22

led to a reduction in statistical power to detect DEG. For example, 400K reads were23

able to detect 76% of the transcripts of the total dataset, but only 22% of the DEG.24
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This ultimately resulted in less than 100 DEG in sequencing depth subsets below1

20K, which led to dramatically reduced prediction abilities.2

With reduced sequencing depth, the sequencing is most likely no longer the most3

expensive step of the project, and the remaining cost saving potential can be realized4

by adjusting the library preparation workflow. In this project, we used a thoroughly5

evaluated miniaturization workflow that reduced the costs of the library preparation6

by a factor of four (Arlt et al., 2023). At reduced sequencing depth, as discussed7

above, such approaches to reduce library preparation costs are even more crucial8

compared to our study.9

Combining multiple datasets maximized GP performance10

Besides the above described independent evaluations of the sequence variants and11

gene expression datasets, we also examined various scenarios on combining them. In12

detail, the overall best performing dataset SNP Total
WGS , the gene expression dataset13

GEDEG
RNAseq, the RNA-Seq sequence variance dataset SNPQC

RNAseq, and the 50k SNP14

array dataset SNP Total
Array were selected to be examined for their joint prediction ability.15

We observed a clear positive trend in PA when combining these datasets (Fig. 5).16

This was expected because their different information content complement each other.17

However, not all combinations of individual datasets outperformed the best sin-18

gle predictor. The GP performance of all combinations was significantly decreased19

(< 0.05) for at least one trait. This highly trait-specific GP performance was in20

accordance with previous reports (Zhu et al., 2022; Michel et al., 2021) and can be21

explained by their differences in heritability and the number of small- and large-effect22

loci contributing to the trait. The high similarities between the sequence variant23
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datasets SNPQC
RNAseq, SNP Total

WGS , and SNP Total
Array (Fig. S7) could explain the limited1

potential of their combinations to increase GP performance. The correlation coeffi-2

cient indicated more differences between GEDEG
RNAseq and SNP Total

Array or SNPQC
RNAseq,3

but combining them resulted only for two traits in significantly increased PA (p ≤4

0.014). No clear increase in GP performance was observed by adding gene expression5

as an additional information layer to sequence variants, which was consistent with6

previous studies (Azodi et al., 2020; Guo et al., 2016).7

In the first chapter of the discussion, we listed potential reasons for the limited PA8

potential of gene expression data and how to improve them. It is not clear whether9

such an improved transcriptome dateset would better complement or replace sequence10

variant data for the purpose of genomic prediction analyses. We also see a limited11

potential for datasets like ours to be further improved. For example, using logarithmic12

scaling of read counts increased the correlation coefficient between GEDEG
RNAseq and the13

remaining datasets by 2-3% and slightly increased GP performance. This indicates14

that GP similar to differential expression analysis or co-expression analysis profits15

from the increased homoscedasticity of log-scaled expression values (Johnson and16

Krishnan, 2022; Love et al., 2014). Log-scaling could be especially beneficial when17

gene expression data are later combined with SNP data. Further research is needed18

to test this hypothesis.19

Genetic diversity vs. relatedness: cross-, inter-, and intra-population20

prediction21

Our multi-parent recombinant inbred line population allowed us to test multiple GP22

population designs and evaluate their performance using different input datasets (Fig.23

6). Combining multiple populations in the TS (cross-population) increased the GP24
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performance in our study. This finding was in accordance with the results of Berro1

et al. (2019), but contrary to those of Lorenz et al. (2012) and illustrates that the2

ratio between population structure and diversity dictates whether the creation of a3

cross-population TS is beneficial.4

The relative difference in PA between SNP Total
WGS and the remaining datasets was5

higher for the inter-population GP vs. the intra-population GP (Fig. 6C). This could6

be explained by the increased marker count of SNP Total
WGS , which could have led to7

a higher linkage between marker and QTL, which was shown to be more relevant8

when the genetic distance between TS and VS is increased (De Roos et al., 2009).9

Also noticeable, GEDEG
RNAseq and SNPQC

RNAseq performed similarly in inter-population10

GP, while in intra-population GP SNPQC
RNAseq was clearly superior. This shift was11

mainly caused by a single inter-population combination that could be predicted by12

GEDEG
RNAseq but not by SNPQC

RNAseq.13
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SUMMARY

In this study, we evaluated various approaches to optimize the prediction potential1

of RNA-Seq datasets. Our results indicated that the RNA-Seq sequence data in2

combination with parental sequence data out-performed the SNP array data in five3

out of eight traits, showing a higher prediction ability overall. The outstanding4

performance of the consensus dataset combining WGS genomic variant information5

of the parental lines with the RNA-Seq sequence variant data is highly relevant.6

More and more diverse and for breeding relevant barley genotypes are sequenced,7

the amount of publicly accessible data will increase, allowing for comparable data8

combinations in the future to increase the GP potential in barley. The same is also9

true for other crop species.10

When relying solely on RNA-Seq data, we showed that focusing on differentially11

expressed genes noticeably increased the prediction ability of the gene expression12

dataset but did not reach the prediction ability level of the sequence variant datasets.13

The GP performance of the RNA-Seq sequence variant data was substantially in-14

creased by strict data cleaning and quality filtering, but it only exceeded the predic-15

tion performance of the SNP array for one trait. Combining predictor datasets does16

not significantly (p > 0.05) increase PA averaged across all traits, but was able to17

significancy increase individual traits in half of the combinations tested. Therefore,18

the expected benefit of combing the RNA-Seq sequence variant and gene expression19

data did not materialize for our genetic material.20

In this study, we showed that low-cost and high-throughput RNA-Seq data can21

achieve comparable or better GP performance than traditional SNP array datasets.22
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As the RNA-Seq data are more flexible, not relying on a pre-selected set of genomic1

variance, and allow for further decreased costs by adjusting the read depth and2

library preparation protocols, we see high application potential for RNA-Seq in plant3

breeding programs.4
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Table 1. Overview of all studied phenotypic traits. Number of environments in which

the trait was assessed, broad sense heritability (H2), minimum (Min.), maximum (Max.),

median, mean, and standard deviation (SD) of adjusted entry means of all traits included in

this study.

Traits Environments H² Min. Max. Median Mean SD

Ear/spike length [cm] 5 0.88 6.04 13.64 8.96 8.92 1.28

Awn length [cm] 5 0.74 10.07 17.60 13.45 13.52 1.39

Flowering time [d] 7 0.86 55.73 87.74 70.36 69.62 6.10

Plant height [cm] 5 0.76 38.90 99.28 69.60 69.67 9.34

Grain length [mm] 4 0.84 7.35 13.92 10.69 10.84 1.02

Grain width [mm] 4 0.85 2.80 3.76 3.41 3.40 0.18

Grain area [mm2] 4 0.89 16.48 30.83 25.59 25.28 2.66

Thousand grain weight [g] 4 0.84 25.10 55.09 37.76 37.96 5.73
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Table 2. Overview of all predictor datasets. Name, abbreviation, origin, and number of

features (before filtering) for all genomic and transcriptomic datasets included in this study.

Name Abbreviation Origin
No. of

features

Total transcript expression GE
Total
RNAseq RNA-Seq 42.6K

Filtered transcript expression GE
Filter.
RNAseq RNA-Seq 37.7K

Differentially expressed transcript expression GE
DEG
RNAseq RNA-Seq 7.3K

Unfiltered transcriptome sequence variants SNP
Total
RNAseq RNA-Seq 147.5K

Functional transcriptome sequence regulatory variants SNP
Reg.
RNAseq RNA-Seq 81.7K

Functional transcriptome sequence non-synonymous variants SNP
CDS
RNAseq RNA-Seq 25.8K

Standard filtered transcriptome sequence variants SNP
Stn.
RNAseq RNA-Seq 52.2K

Quality filtered transcriptome sequence variants SNP
QC
RNAseq RNA-Seq 42.5K

RNA-Seq / WGS consensus sequence variants SNP
Total
WGS Hybrid 426.4K

RNA-Seq / WGS consensus sequence non-synonymous variants SNP
CDS
WGS Hybrid 52.4K

RNA-Seq / WGS consensus sequence regulatory variants SNP
Reg.
WGS Hybrid 245.6K

50k SNP array data SNP
Total
Array Array 17.3K
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Fig. 1. Genetic material and workflow overview. The crossing scheme shows the three

homozygous parental inbreds that were used to create the recombinant inbred line populations

HvDRR13, HvDRR27, and HvDRR28 (F7/F8). The workflow is shown by connecting the

major steps in consecutive order.
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Fig. 2. Characteristics and genomic prediction (GP) performance of the gene expression

datasets. (A) The number of detected transcripts are grouped by genetic material with mean

(black square) and standard deviation (black line). Populations marked by the same letter

are not significantly (α = 0.05) different from each other. (B) Principle component analysis

using the differentially expressed genes (DEG) subset (GEDEG
RNAseq). PC 1 and PC 2 are the

first and second principal component, respectively, and the number in parentheses refers to

the proportion of variance explained by the principal components in percent. (C) Number

of transcripts included in all data subsets used for genomic prediction (GP). (D) GP results

are compared between all gene expression subsets and all traits included in this study. The

red line shows the mean prediction ability per subset.
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Fig. 3. Prediction ability of four dataset groups: Expression, RNA-Seq SNP, WGS consen-

sus SNP, and SNP array across all the eight examined traits. For each dataset, the mean

prediction ability value is shown as number in the bottom.
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Fig. 4. (A) Combination of quality filtering subsets of genomic variants and their relative genomic

prediction (GP) performance. For each of the combinations, the number of remaining variants (top)

are shown after selecting the inclusive intersect between all included filtering subsets (middle). The

four quality filtering criteria are minor allele frequency (MAF), variant quality score (QUAL), missing

rate (NS), and read depth (DP). The subsets are the best performing subsets that were marked in

Fig 4 with ”T”. The relative GP performance (bottom) shows the difference in prediction ability in

percent between the combined subsets and the top performing single quality filtered subset (DP).

The best performing subset is marked (red). (B) GP performance comparison between a standard

quality filtering subset (white) (NA < 20%, MAF > 0.05) and the best performing combination

(red). The GP results were averaged across all eight traits. Significant differences: p-value < 0.01

= **, p-value < 0.001 = ***.
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RNAseq, SNPTotal
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Array were combined

and prediction ability was calculated (top). The combinations are indicated as a combina-

tion of white (not included) and black (included) dots (bottom). The red line shows the

mean prediction ability within each combination group. (B) The number of significantly (p
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prediction ability is plotted for the weighted combination of SNPTotal
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The weight is gradually changed from 100% GEDEG
RNAseq (left) to 100% SNPTotal

WGS (right) with

a step-size of 10%. The results are shown for each weighted combination and all traits.
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Fig. 6. (A) Genomic prediction (GP) results of the best performing datasets from each

data origin group using randomly selected cross-population training sets (TS). The TS size

was gradually increased from 20 to 170 individuals (step-size: 15). (B) GP results for intra-

population (diagonal) or inter-population (off diagonal) comparisons. (C) Prediction ability

(PA) deviation between the four main datasets for cross-, intra-, and inter-population ge-

nomic prediction. PA was averaged over all random validation runs and all intra- and inter-

population pairwise comparisons. The training sets sizes was set to 50 for (B) and (C).
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Fig. 7. Genomic prediction (GP) performance of artificially reduced sequencing depth

subsets created by random read sub-sampling of (A) RNA-Seq genomic variant datasets

(SNPTotal
RNAseq, SNPQC

RNAseq) and (B) gene expression datasets (GETotal
RNAseq, GEFilter.

RNAseq,

GEDEG
RNAseq) including 229 of the 240 samples. The sub-sampling ranged in 11 steps be-

tween 10 thousand to 3 million reads.
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Table S1. GP performance changes of all dataset combinations compared to SNPTotal
Array

(here: 1.4). All traits with significantly increased prediction abilities (Up), significantly

decreased prediction abilities (Down), and not significantly changed prediction abilities (NC)

were counted and named (EL: ear length, AL: awn length, PH: plant height, FT: flowering

time, GL: grain length, GW: grain width, GA: grain area, TGW: grain weight). Dataset

names are analogous to Fig. 5.

Dataset Down Up NC Decreased traits Increased traits

1.1 7 1 0 EL,PH,FT,GL,GW,GA,TGW AL

1.2 2 5 1 GA,TGW EL,AL,FT,GL,GW

1.3 7 0 1 AL,PH,FT,GL,GW,GA,TGW

1.4 0 0 8

2.1 2 4 2 GA,TGW EL,AL,FT,GL

2.2 7 1 0 EL,PH,FT,GL,GW,GA,TGW AL

2.3 1 4 3 GA EL,AL,FT,GW

2.4 4 4 0 PH,GW,GA,TGW EL,AL,FT,GL

2.5 1 6 1 GA EL,AL,FT,GL,GW,TGW

2.6 3 3 2 PH,GA,TGW EL,AL,FT

3.1 4 4 0 PH,GW,GA,TGW EL,AL,FT,GL

3.2 1 5 2 GA EL,AL,FT,GL,GW

3.3 3 3 2 PH,GA,TGW EL,AL,FT

3.4 1 5 2 GA EL,AL,FT,GL,GW

4.1 2 5 1 GA,TGW EL,AL,FT,GL,GW
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Fig. S1. Illustration of the cultivation system of (A) barley seedlings in Petri dishes using

(B) space efficient cultivation. (C) Schematic overview of the approach used to cultivate

barley seedlings in reach-in growth chambers.
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Fig. S2. Principal component analysis (PCA) based on GEDEG
RNAseq, (A) overlayed with the

information of the genetic material and (B-I) the adjusted entry means of all eight traits.

Shape differentiate RIL and parental inbreds. PC 1 and PC 2 are the first and second

principal component, respectively, and the number in parentheses refers to the proportion of

variance explained by the principal components in percent.
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Fig. S4. Characterization of the expression data. (A) Comparison of the genomic prediction

results for two different read counting methods: counting per gene and counting per transcript

for GETotal
RNAseq and GEFilter.

RNAseq. (B) Genomic prediction results for GEDEG
RNAseq compared based

on the order of normalization: Trimmed Mean of the M-values (TMM) first or estimated

marginal means (EMM) based on block effect first. (C) Genomic prediction abilities for

GEDEG
RNAseq comparing unnormalized and TMM normalized data for all eight traits.
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Fig. S5. Quality filtering of genomic variants of sequencing data based on genomic prediction

(GP) performance. The performance shown are prediction abilities averaged across all eight traits.

For each of the four criteria the prediction ability (top) and the remaining number of markers in

thousands (bottom) are shown for 21 different relative filtering strength subsets from the minimum

(0%) to the maximum (100%) value in the original dataset (SNP
Total
RNAseq). The best performing filter

strength subset is marked (T). No GP was performed (white) when the number of remaining markers

was insufficient.
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Fig. S6. Principal component analysis (PCA) based on SNPQC
RNAseq, (A) overlayed with

the information of the genetic material and (B-I) the adjusted entry means of all eight traits.

Shape differentiate RIL and parental inbreds. PC 1 and PC 2 are the first and second

principal component, respectively, and the number in parentheses refers to the proportion of

variance explained by the principal components in percent.
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Fig. S7. Correlation plots of the additive relationship matrices of the datasets: SNPQC
RNAseq

(SNP RNAseq QC), SNPTotal
WGS (SNP WGS Total), GEDEG

RNAseq (GE RNAseq DEG),

SNPTotal
Array (SNP Array Total). The dots are colored by sample relationship, with intra-

population comparisons blue and inter-population comparisons red.
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comparisons using the best performing datasets from each data origin group.The training set

size was set to 50 for all tests.
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Fig. S10. Genomic prediction (GP) performance of artificially reduced sequencing depth

subsets created by random read sub-sampling of (A) RNA-Seq genomic variant datasets

(SNPTotal
RNAseq, SNPQC

RNAseq) and (B) gene expression datasets (GETotal
RNAseq, GEFilter.

RNAseq,

GEDEG
RNAseq) including 155 of the 240 samples. The sub-sampling ranged in 13 steps be-
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Fig. S11. Quality filtering of genomic variants of sequencing data based on genomic predic-

tion (GP) performance. Quality filtering is an essential step in maximizing the GP potential

and can have a larger effect on the results. We tested the impact of quality filtering on a

less strictly cleaned dataset by creating SNPRaw
RNAseq, an alternative version of SNPTotal

RNAseq,

which included heterozygous / inconsistent allele calls and marker with missing parental

data. From the 5.9M raw variants SNPRaw
RNAseq included 3.4M, which is much more then

SNPTotal
RNAseq (148K) and it resulted in a reduction GP performance by 0.15, but applying the

same quality filtering workflow resulted in a subset with a comparable GP performance to

SNPQC
RNAseq.

The performance shown are prediction abilities averaged across all eight traits. For each

of the four criteria the prediction ability (left, top) and the remaining marker in thousands

(left, bottom) are shown for 21 different relative filtering strength subsets from the minimum

(0%) to the maximum (100%) value in the original dataset (SNPTotal RNAseq). The best

performing filter strength subset is marked top (T) as well as the optimal filter strength

subset (*). The filtering subset marked * are not significantly (p > 0.05) different to T. The

filter strength region with the highest impact on GP performance is shown in detail (right).

The section is outlined on the overview as from start (<) to end (>).
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ABSTRACT

Meiotic recombination is not only a key mechanism for sexual adaptation in

eukaryotes but crucial for the accumulation of beneficial alleles in breeding pop-

ulations. The effective manipulation of recombination requires, however, a better

understanding of the mechanisms regulating the rate and distribution of recom-

bination events in genomes. Here, we identified the genomic features that best

explain the recombination variation among a diverse set of segregating populations

of barley at a resolution of 1 Mbp and investigated how methylation and structural

variants determine recombination hotspots and coldspots at a high-resolution of 10

kb. Hotspots were found to be in proximity to genes and the genetic effects not as-

signed to methylation were found to be the most important factor explaining differ-

ences in recombination rates among populations along with the methylation and the

parental sequence divergence. Interestingly, the inheritance of a highly-methylated

genomic fragment from one parent only was enough to generate a coldspot, but

both parents must be equally low methylated at a genomic segment to allow a

hotspot. The parental sequence divergence was shown to have a sigmoidal correla-

tion with recombination indicating an upper limit of mismatch among homologous

chromosomes for CO formation. Structural variants (SVs) were shown to suppress

COs, and their type and size were not found to influence that effect. Methylation

and SVs act jointly determining the location of coldspots in barley and the weight

of their relative effect depends on the genomic region. Our findings suggest that
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recombination in barley is highly predictable, occurring mostly in multiple short

sections located in the proximity to genes and being modulated by local levels of

methylation and SV load.

Keywords: recombination rate, hotspot, methylation, structural variant.
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INTRODUCTION

In sexual reproduction, the recombination between the maternal and paternal

homologous chromosomes followed by their random assortment during meiosis gen-

erates new combinations of alleles that can be transmitted to the next generation

(Barton and Charlesworth 1998). This mechanism for generating genetic diversity

is widely conserved among eukaryotes since it provides a possibility for the adapta-

tion of species: the reshuffling of alleles breaks the linkage between beneficial and

deleterious mutations, allowing the accumulation of beneficial mutations into one

haplotype, and, ultimately, generating new phenotypes upon which selection can

act (Muller 1932; Peck 1994).

Meiosis consists of a single round of DNA replication in which the bivalent is

generated –a pair of physically linked homologous chromosomes each composed of

two replicated sister chromatids– followed by two rounds of chromosome segregation

(for a review see Mercier et al. 2015). During the first round, meiotic recombination

occurs in prophase I when programmed DNA double-strand breaks (DSBs) are

repaired as either crossovers (COs), the reciprocal exchange of large regions between

homologous nonsister chromatids, or noncrossovers (NCOs), –the unidirectional

copies of small fragments from any of the intact homologous chromatids (Szostak

et al. 1983). In addition, when both CO and NCO occur, mismatches at the

site of the strand invasion are produced if sequence polymorphisms exist among

homologous chromosomes. Such mismatches are either restored to the original

6 Casale et el. (2025) Submitted for publication

162



5

allelic state (i.e., intersister repair) or repaired in favor of the homologous allele

resulting in gene conversion (GC): the nonreciprocal exchange of alleles between

homologous nonsister chromatids (Burt 2000; Wijnker et al. 2013).

The rate of recombination events is strongly regulated and has been proposed

to be related to an optimal level of recombination for adaptation in eukaryotes

(Mercier et al. 2015). The presence of at least one CO per bivalent, termed the

obligate CO, is required for the correct segregation of homologous chromosomes

(Hall 1972). In addition, the number of generated DSBs exceeds the number of ob-

served COs which are rarely more than three per chromosome per meiosis in most

species (Martini et al. 2006; Baudat and Massy 2007; Bauer et al. 2013). Most of

the observed COs, furthermore, prevail in small regions of a few kilobases called

recombination hotspots where CO rates are several times greater than the chromo-

some average (Mézard 2006; Choi and Henderson 2015). Remarkably, both the rate

and distribution of COs in the genome have been shown to exhibit extensive inter-

and intraspecific variation (Nachman 2002; Ritz et al. 2017; Lawrence et al. 2017).

The mechanisms behind such variation, however, are not completely understood.

Such knowledge is required for the effective manipulation of recombination, e.g.,

for the purpose of plant breeding. This recombination determines the frequency

of breaking undesirable linkages and stacking favorable alleles in the genetic back-

ground of breeding populations and defines marker resolution to map quantitative

traits (Bauer et al. 2013; Blary and Jenczewski 2019).

Earlier studies provided valuable information for deciphering the mechanisms
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behind recombination variation in plants. Most of the recombination in plants

occurs in euchromatic regions where chromatin is accessible while heterochromatin

is suppressed for meiotic recombination (Henderson 2012). For example, earlier

studies in Arabidopsis thaliana and other species have shown that recombination

events tend to occur in genomic regions with hypomethylated DNA (Yelina et al.

2012; Rodgers-Melnick et al. 2015; Marand et al. 2019; Apuli et al. 2020; Fernandes

et al. 2024) and depleted nucleosome density (Choi et al. 2013; Wijnker et al.

2013). Moreover, COs in plants are typically located in close proximity to genes

and in association with chromatin marks that favor transcription (Choi et al. 2013;

Mercier et al. 2015). A positive correlation between the recombination rate and

gene density has been observed in many plant families (Paape et al. 2012; Choi

et al. 2013; Silva-Junior and Grattapaglia 2015; Gion et al. 2016; Wang et al. 2016;

Apuli et al. 2020), including most grasses (Bauer et al. 2013; Darrier et al. 2017;

Jordan et al. 2018; Gardiner et al. 2019; Marand et al. 2019; Casale et al. 2022).

It is worth noting that some studies have instead reported a negative correlation

between recombination rate and gene density (Kim et al. 2007; Giraut et al. 2011;

Yang et al. 2012; Rodgers-Melnick et al. 2015).

Polymorphisms among homologous chromosomes are expected to prevent re-

combination due to defective strand invasion and homology pairing caused by the

increase in mismatches among nonsister chromatids (Henderson 2012). Earlier stud-

ies in plants, however, reported constrasting correlations between recombination

rate and parental sequence divergence (Saintenac et al. 2011; Salomé et al. 2012;
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Yang et al. 2012; Bauer et al. 2013; Jordan et al. 2018; Marand et al. 2019). Re-

cent reports in Arabidopsis suggested that the recombination rate has a positive

correlation with parental allelic divergence until a level of mismatch among homol-

ogous chromosomes prevents CO formation (Blackwell et al. 2020; Hsu et al. 2022).

Accordingly, large structural variants (SVs) were shown to suppress local recom-

bination in several plant species (Rodgers-Melnick et al. 2015; Shen et al. 2019;

Rowan et al. 2019; Fernandes et al. 2024).

The above-mentioned contrasting findings impose the necessity to characterize

the associations between recombination and genomic features at the species level to

avoid making incorrect assumptions. In addition, due to differences in the employed

research methods, disagreements were observed among studies on the same species

(Apuli et al. 2020). In this respect, most reported recombination rates in plants were

calculated based on a coarse genomic resolution that failed to capture the complete

genetic variation generated from meiosis. At present, most reported recombination

assessments at high-resolution have been performed in Arabidopsis (Sun et al. 2012;

Lu et al. 2012; Yang et al. 2012; Wijnker et al. 2013; Rowan et al. 2019; Fernandes

et al. 2024), while only a few have been performed in major cereal crops such as

maize (Zea mays) (Rodgers-Melnick et al. 2015; Li et al. 2015), rice (Oryza sativa)

(Si et al. 2015; Marand et al. 2019), and wheat (Triticum aestivum) (Jordan et al.

2018). In barley (Hordeum vulgare), the fourth of this list, earlier low-resolution

recombination studies successfully revealed the genetic basis of recombination as

well as the association of recombination with some environmental and genomic
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features on a broad genomic scale (Higgins et al. 2012; Dreissig et al. 2019, 2020;

Casale et al. 2022); however, a high-resolution study depicting the complete meiotic

recombination landscape and the respective associations of genetic and epigenetic

features in the barley genome is still lacking.

Consequently, in the present study, we aimed to (i) identify the genomic fea-

tures that best explain the recombination variation among the double round-robin

(DRR) populations, (ii) detect recombination events in the barley genome at high-

resolution, and (iii) analyze the effect of genomic features in determining the loca-

tion of recombination hotspots and coldspots in the genome.
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RESULTS

The genomic features associated with recombination rate

variation in the barley genome

The recombination rate was almost null in the pericentromeric region, but in-

creased toward the distal regions of the chromosomes (Figure 1A). The SV load,

the physical fraction spanned by the analyzed SVs (insertions, deletions, inversions,

duplications, and translocations) increased toward the distal regions of the chro-

mosomes as did the recombination rate and gene density (Figures 1A and S1). In

this way, the presence of SVs and the sequence divergence among parents showed a

significant positive Pearson’s correlation (P < 0.05) of 0.35 with the recombination

rate along the distal regions of the chromosomes (Figures 1C and S3A), whereas

a lower but significant correlation (P < 0.05) of 0.1 was observed in the pericen-

tromeric region (Figures 1D and S3B). The sequence divergence among the parental

inbred lines, which showed a significant positive correlation (P < 0.05) with the SV

load of 0.27, was found to have a significant positive correlation (P < 0.05) with

recombination rates of only 0.1 and 0.14 in the distal and pericentromeric regions,

respectively (Figures 1A, 1C, and 1D). The methylation level in the sequence con-

texts differed along the barley chromosomes, where the level in the CpG and CHG

contexts reached a maximum in the pericentromeric region and decreased toward

the telomeres, while the methylation level in the CHH context increased toward

the telomeres (Figure 1B). Because the CpG and CHG contexts had higher overall
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methylation levels than did the CHH context, the average methylation level along

the chromosomes mostly represented the trend observed for the CpG and CHG

contexts. The observed significant negative correlation (P< 0.05) between the av-

erage methylation level and recombination rate along the barley chromosomes was

therefore due to the CpG and CHG contexts but not to the CHH context (Figures

1C and 1D). The difference in the methylation level between the parental inbred

lines of any of the analyzed populations was greater in the distal regions than in the

pericentromeric regions of the chromosomes in all three analyzed sequence contexts

(Figure S4). This explained the positive correlation (P< 0.05) of 0.17 of such differ-

ence and the recombination rate along the distal regions in the barley chromosomes

(Figures 1C, 1D, S3A, and S3B).

The genomic features associated with recombination rate

variation among barley populations

The best subset of genomic features explaining the recombination rate variation

among the 45 DRR populations in 1 Mbp genomic windows along the barley chro-

mosomes was identified using a stepwise regression model (Figure 2). The fraction

of 1 Mbp windows of the barley genome in which a given genomic feature was found

to be significantly correlated and the direction of such correlation are given in paren-

theses below. The genetic effects, which were calculated from the GRE, were found

to be the most determining factor in explaining differences in recombination rate

among populations with a promoting effect on both the distal (positive, 0.76) and
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the pericentromeric regions (positive, 0.40) of the chromosomes. The parental se-

quence divergence was also found to be positively correlated with the recombination

rate in both mentioned chromosomal regions (positive, 0.24 and 0.19, respectively).

A few windows showed a significant negative correlation between parental sequence

divergence and the recombination rate (negative, 0.04 and 0.01 in both respective

chromosomal regions). Notably, the windows with a negative correlation had a

parental sequence divergence near its relative maximum, which appeared to be as-

sociated with a high SV load (Figure S5A). The average methylation level across

the different sequence contexts was negatively correlated with the recombination

rate in the distal (negative, 0.43) and pericentromeric (negative, 0.12) regions of the

barley chromosomes. This means that populations with a higher methylation level

than others in a particular window showed a lower recombination rate than others

in that window, and vice-versa. Additonally, the multiple regression model used to

calculate genetic effects revealed a correlation between the methylation level and

the sum of the GREs ranging from −0.29 to 0.03 per 1 Mbp genomic window with

an average of −0.06 in the distal region. The difference in the average methylation

level between the parental inbred lines of the respective populations was found to

have only a low impact on the recombination rate variation among populations

(in distal regions, positive, 0.04; negative, 0.03). The physical fraction of 1 Mbp

genomic windows spanned by all SVs was found to have a low (and mostly posi-

tive) impact on the differences in recombination rate among populations (in distal

regions, positive, 0.05; negative, 0.02).
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The methylation level in the three sequence contexts –CpG, CHG, and CHH–

analyzed independently in an extended model was shown to have the same re-

pressive effect on recombination as the average across the three sequence contexts

(Figure S6 and Table S2). In addition, the parental methylation difference for the

sequence contexts CHG and CHH was found to be positively associated with the

recombination rate, and the inverse was found for the context CpG. Furthermore,

the extended model revealed no impact of the different SV types on recombination

rate variation among populations.

The key parameters for detecting recombination events at

high-resolution

The mRNA sequencing of recombinant inbred lines (RILs) of the evaluated

populations yielded 4.1 M sequence variants of which, 858 K SNPs remained after

being intersected with reported SNV parental data generated by DNA sequencing.

A total of 12 K SNPs were added from the iselect array, resulting in a total of

approximately 870 K SNPs genome-wide. After reoving SNPs carrying nonparental

alleles or with 100% missing data, the final number of genome-wide SNPs ranged

from 214 to 259 K per population (Table S3 and Figure S7). The median inter-SNP

distance was 132 bp on average across populations, which was 79 times shorter than

the 10, 475 bp utilized to count COs for the same three populations analyzed in

a previous study (Casale et al. 2022). The maximum inter-SNP distance ranged

from 5.45 to 11.99 Mbp among populations (Table S3), denoting large regions that
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were identical by descent (IBD) among the parental inbred lines involved in a given

population and thus among their respective offspring. This resulted in an average

density of 57 SNPs per Mbp across populations. The mean length for each parental

SNP block category was 14.8, 44.1, and 111.5 Mbp for the short, medium, and

long CO-related blocks, respectively (Table S4). The block length was positively

correlated with the number of SNPs per block (> 0.75, P < 0.001). Therefore, the

false positive rate for detecting CO was inversely proportional to the marker block

length, supporting the identification of block length categories with different CO

layers.

On average, there were were 30, 87, and 269 genome-wide COs accumulated per

RIL across populations for the long, medium, and short block lengths, respectively

(Table S5). Considering only the layer of COs generated by blocks longer than 3

Mbp, the genome-wide CO counts per RIL ranged from 14 to 65 across populations

(Figures S8 and S9). Since a given CO breakpoint was determined as the midpoint

of the CO interval, the breakpoint location accuracy depended on the CO interval

length (Table S6). The lengths of the detected CO intervals ranged from less than

20 bp to 10.8 Mbp with a median that varied from 41.9 kb to 151.6 kb depending

on the considered CO layer. The average number of genome-wide GC events that

accumulated per RIL across populations was 58, 251, and 6,521 for long, medium,

and short GC-related block lengths, respectively.

An average of 80 recombination hotspot windows per chromosome were found

across the three selected populations (Table S7). Among these, 12 were found
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in the pericentromeric regions, and the rest were found in the distal regions of

the barley chromosomes (Table S8 and Figure S10). The recombination hotspot

windows contained 0.26, 0.14, and 0.25 of the total observed COs in the HvDRR13,

HvDRR27, and HvDRR28 populations, respectively. Less than 10% of the hotspot

windows in a given population were shared with another population and less than

1% of the total counted hotspot windows were shared among the three analyzed

populations (Figure S11). Interestingly, both the number and conservation level of

coldspot windows far exceeded those of hotspots. On average, across populations,

more than half (10,436 out of the 19,496) of the distal windows were recombination

coldspots. More than 60% of the coldspot windows in a given population were

shared with the other populations, and 16.7% of the coldspot windows were present

in all three analyzed populations. The majority of the coldspot windows were

located contiguously in regions with lengths that varied from 10 kb to 17 Mbp with

an average of 322 kb across the three analyzed populations.

More than 15% of the GC hotspot windows in a given population were shared

among the three analyzed populations (Figure S12). The GC hotspot windows were

found to overlap with the CO hotspot windows in the distal region of the barley

chromosome significantly more than they did under a random distribution across

the three analyzed populations (Table S9). The GC hotspot windows detected in a

given population overlapped with 12–15% of the CO hotspot windows in the same

population and with 7.5–9.5% of the CO hotspot windows detected in the other two

analyzed populations (Table S10). There was no significant (P > 0.05) difference
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between such overlap proportions in the HvDRR27 and HvDRR28 populations.

The effect of methylation and structural variants on

recombination rate variation at high-resolution

The coldspot and hotspot windows have different methylation level and

SV load than the rest of the genome

The coldspot and hotspot windows in a given chromosome region showed dis-

tinct methylation patterns compared to the average remaining windows in the same

region in the three analyzed populations (Figure 3). The average methylation level

across all three methylated sequence contexts in the coldspot windows of the dis-

tal telomeric subregion was significantly greater (P < 0.001) than that across the

other windows in both distal subregions. In contrast, the coldspot windows in the

distal proximal region were not found to be differentially methylated (P > 0.001)

from other windows in any of the distal subregions. However, when analyzing the

CpG and CHG sequence contexts separately, the methylation level in the coldspot

windows of the distal proximal subregion was found to be significantly greater

(P < 0.001) than that in the other windows of both distal subregions. Differently,

the methylation level in the coldspot windows of the distal telomeric subregion was

significantly greter (P < 0.001) than that in the other windows in this subregion

but significantly lower (P < 0.001) than that in the windows of the distal proximal

subregion. The coldspot windows in such comparisons that were below the critical

value (methylation levels of 0.89 and 0.59 for the sequence contexts CpG and CHG,
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respectively) were found to have a significantly (P < 0.001) greater total SV load

fraction than the coldspot windows above the critical value (Table S11).

The average methylation level across the three sequence contexts in the hotspot

windows was significantly lower (P < 0.001) than that across the other windows

in any region of the barley chromosomes. The hotspot windows in the pericen-

tromeric region, however, were not found to be differentially methylated from the

rest of the windows in such region or from the windows in other regions of the

genome, including coldspots. However, by analyzing the methylated sequence con-

texts separately, the hotspot windows were found to be significantly less methylated

(P < 0.001) in the CpG and CHG sequence contexts than in the total windows in

the pericentromeric region.

The coldspot windows in the distal telomeric regions were found to have a

significantly greater total SV load (P < 0.001) than the rest of the windows in

that subregion. In contrast, the coldspot windows in the distal proximal region did

not show such an increase in total SV load. However, the coldspot windows below

the critical value (SV loads equal to 0.187, 0.174, and 0.187 for the HvDRR13,

HvDRR27, and HvDRR28 populations, respectively) in such comparisons had a

significantly increased methylation level (P < 0.05) compared to the windows above

the critical value for the CpG and CHG sequence contexts (Table S12). The hotspot

windows were not observed to have a significantly different (P > 0.001) span of

total SVs compared to the total windows in their respective chromosome regions.

However, the observed overlaps between CO intervals and insertions/deletions and
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duplications were found to be significantly less frequent (P < 0.001) than such

overlaps under a random distribution of the COs and the respective SVs in the

distal regions of the barley chromosomes in the three analyzed populations (Table

S13). In the case of inversions, such a pattern was observed only for the HvDRR27

population. Moreover, the distance between the CO breakpoints and the closest

SV of any type was significantly greater (P < 0.001) then the CO-SV distances

expected by chance (Table S14).

The genomic environment neighboring hotspot and coldspot windows

The 10 kb genomic windows adjacent to coldspot regions were found to have a

significantly lower (P < 0.001) average methylation level across the three sequence

contexts than coldspots in both distal subregions of the chromosome in the three

analyzed populations (Figure 4). This observation reflected the pattern produced

at the methylated sequence contexts CpG and CHG, individually (Figure S13). In

addition, any 10 kb window in the considered range from -40 kb to +40 kb around

coldspot regions was found to have a significantly lower (P < 0.001) total SV load

than the neighboring coldspot. The 10 kb genomic windows adjacent to hotspot

regions were not found to have significantly (P > 0.001) different methylation levels

or SV loads than any of the analyzed chromosomal regions or populations.

The windows neighboring coldspot regions were found to have a significantly

lower (P < 0.001) gene density than these regions, except for the windows located

20 kb upstream of coldspots. However, the overlap between the coldspot regions
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and genes in the distal regions of the barley chromosomes was not significantly

different (P > 0.001) from such overlap under a random distribution (Table 1). In

contrast, a visual increase in the gene density from the hotspots to 20 kb upstream

was observed in all the analyzed genomic regions, although this pattern was not

significant (P > 0.001). Furthermore, the overlap between the hotspot regions and

genes was found to be significantly (P > 0.001) greater than expected under a

random distribution in the three analyzed populations, while the overlap between

hotspots and intergenic regions was not found to be significantly (P < 0.001)

greater than random, with the exception of the HvDRR27 population. In addition,

a high proportion of the windows surrounding hotspot regions in both the proximal

(0.37–0.49) and telomeric (0.33–0.45) subregions of the distal region of the genome

were coldspot windows (Table S15).

The variation in methylation and SVs in coldspot and hotspot windows

among barley populations

Significant differences (P < 0.016) were observed in the methylation levels of the

three analyzed populations, either by analyzing the methylated sequence contexts

separately or by analyzing their average (Figure 3). Such differences among popu-

lations observed for the total windows were also detected in the coldspot windows

in all of the analyzed chromosome regions. In contrast, the methylation level in

the hotspot windows was found to be equal (P > 0.016) among populations in any

of the analyzed chromosome regions, either by analyzing the methylated sequence
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contexts separately or their average. A similar trend was observed for the total

SV load fraction: while observing significant differences (P < 0.016) among popu-

lations in the total windows but also in the coldspots of both the pericentromeric

region and the distal subregions, such differences were not observed for the hotspot

windows.

The methylation level of the two parental inbred lines of each of the analyzed

populations differed significantly (P < 0.008) at the CpG and CHG sequence con-

texts of the genomic windows identified as coldspots in their respective offspring

(Table 2). Thus, the increased methylation of only one of the parental genotypes

at a genomic region might be enough to generate a coldspot in the offspring. In

hotspot windows, no significant differences (P > 0.008) between parental inbred

lines were found in the methylation level at any of the three analyzed sequence

contexts, indicating that parents must have equally low methylation at a genomic

segment to allow a recombination hotspot.
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DISCUSSION

Detection of recombination events at high-resolution in barley

The substantial decrease of the median inter-SNP distance compared to a pre-

vious study with the same three populations (Casale et al., 2022) produced a slight

increase of the CO discovery rate of 0.31 times when considering the COs related

to > 3 Mbp marker blocks. However, such increase jumps to 2.74 and 10.59 times,

if considering the COs related to > 500 kb and > 10 kb blocks, respectively (Tables

S3 and S5). The assumed part of the observed increase due to the additional recom-

bination that occurred at heterozygous regions in the selfing generation analyzed

in the first study is expected to be small due to the decreasing remaining het-

erozygosity after every selfing generation that produces fewer new observable COs

per generation during inbreeding (Esch et al. 2007). By analyzing the detected

CO rate between comparable low and high-resolution analyses reported in previous

studies, only small differences were detected in populations of Arabidopsis thaliana

and maize (Zea mayz ) (McMullen et al. 2009; Rodgers-Melnick et al. 2015), but

substantial differences were reported in populations of wheat (Esch et al. 2007;

Gutierrez-Gonzalez et al. 2019; Gardiner et al. 2019) and Populus (Apuli et al.

2020). In addition to the different utilized resolutions, other reasons behind ob-

serving differences in the recombination rate in the same population may include

the genotyping error rate, the data filtering criteria, and the size of considered CO

events.
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The observed CO rate per RIL per chromosome per generation in the present

study, when considering the COs related to > 3 Mbp marker blocks, is in line

with high-resolution studies in Arabidopsis (Sun et al. 2012; Lu et al. 2012; Yang

et al. 2012; Wijnker et al. 2013; Qi et al. 2014; Rowan et al. 2019) and rice (Oryza

sativa)(Si et al. 2015) that reported rates of 1.5–2.2 COs per chromosome per

generation, and with another high-resolution study on wheat (Gardiner et al. 2019)

when looking at the COs related to > 500 kb marker blocks.

The COs per RIL per chromosome per generation observed in our study when

considering all COs related to blocks (10 kb) should be compared with values ob-

served by Yang et al. (2012) in Arabidopsis and Gardiner et al. (2019) in wheat.

In such comparisons, however, considering every marker block shorter than 10 kb

as a GC is an arbitrary threshold. This has the potential to cause misclassification

between COs and GCs among the categories of COs related to blocks > 10 kb and

those related to GCs between 2 and 10 kb.

The present study is the first to characterize GC events in barley, along with

a few in other crop species (Li et al. 2015; Si et al. 2015; Gardiner et al. 2019).

The poor documentation of GCs in plants beyond studies in Arabidopsis is because

phenotypic screens can barely detect GC events. In addition, the detection of GC

events at the molecular genetic level is also challenging because of their short length

(Mancera et al. 2009; Mercier et al. 2015). This makes GC detection very sensitive

to the marker density and GC rate, which also depend on the recombination rate,

the tract length of the repair intermediates where GCs occur, and the polymorphism
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density (Wijnker et al. 2013). Moreover, in most flowering plants, gametes do not

remain grouped after meiosis, making it difficult to observe the expected 3:1 allelic

proportion of GCs (Sun et al. 2012). In the present study, the average number of

genome-wide GC events per RIL across populations was 58, 251, and 6,521 for long

(2–10 kb), medium (20 bp–2 kb), and short (2–20 bp) GC-related marker block

lengths, respectively. The SNPs analyzed per population could be translated to

0.00003, 0.00014, and 0.0039 GC events per site per RIL per generation for the

different types of GC-related marker block lengths. Marker blocks shorter than 20

bp are expected to contain a high number of false-positive GCs since they were

predominantly called based on two markers only. Therefore, if considering the GC-

related marker blocks of long (2–10 kb) and medium (20 bp–2 kb) length only,

the detected 0.00017 GCs per site per RIL per generation is on the same order of

magnitude as that observed in studies using a similar approach for GC detection

(Yang et al. 2012; Gardiner et al. 2019). However, the observed GC rate in our

study was two orders of magnitude greater than that reported in tetrad analysis

studies performed in Arabidopsis (Lu et al. 2012; Sun et al. 2012; Wijnker et al.

2013) and sequencing of rice F2 populations (Si et al. 2015). This disagreement

might be explained not only by the less precise GC detection method used in our

study but also by the occurrence of nonallelic sequence alignments caused by SVs

inflating the number of false-positive gene conversions (Qi et al. 2014; Si et al. 2015).

It is also worth noting that the reported GC rate is the frequency of GCs generated

from NCO and CO events combined. In the present study, we did not attempt
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to estimate the rate of NCO in barley because these NCOs are only traceable

after gamete formation when they lead to GC, and it was not possible to precisely

differentiate between CO and NCO conversion tracts with the employed marker

resolution. In addition, the DSB rate in barley is not known enough to estimate

the NCO rate from the detected CO events.

The present study is the first to report genome-wide recombination hotspots at

high-resolution in barley. On average, across the three investigated populations, of

the 80 hotspots per chromosome, only 12 were found in the pericentromeric region,

and the rest were found in the distal regions of the barley chromosomes (Figure S10

and Table S8). In addition, while the three investigated populations always shared

one parent, the proportion of shared hotspots between two and three populations

was 10% and 1%, respectively, of the total hotspots detected in a given population

(Figure S11A). This observation is in good agreement with previous studies in

Arabidopsis showing that recombination hotspots were cross-specific (Salomé et al.

2012).

In contrast, in the case of the GC hotspot windows, the overlap among the three

populations was more than 15% (Figure S12). Moreover, GC hotspots were found to

have high overlap not only with GC hotspots of the same population but also with

windows that are hotspots in other populations (Table S10). Thus, GC hotspots

might be considered fingerprints of population-specific silenced COs that result in

NCO in regions with high DSB rates in the genome of the species. This observation

suggested that although the CO rate and distribution present extensive intraspecies
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variation, such DSBs might be highly conserved within the species. However, this

requires further research.

Additionally, in barley, recombination hotspots alternate in the genome with

coldspots. For example, in domains where CO rates are significantly lower than

the genome average (Figure S10), as observed in previous studies in other species

(Mercier et al. 2015). Indeed, by dividing the genome into 10 kb genomic windows,

hotspot windows were found to be adjacent to coldspot windows in 42.5% of the

cases in the distal regions of the barley chromosomes (Table S15). This continuos

intermittence in the recombination rate might explain the above-mentioned large

difference in CO events found between the high- and low-resolution analyses on

these barley populations.

To avoid calling recombination coldspots in the pericentromeric and telomeric

regions of the chromosomes, which are long regions depleted from recombination

as seen in previous studies (Boideau et al. 2022), in the present study, coldspots

were identified only in the distal region of the chromosomes by employing a long

physical distance margin between regions. The majority of the detected 10 kb

coldspot windows were located in coldspot regions with an average length of 322

kb (Table S7). Each population shared 60% of its coldspot windows and more than

16% with the other two populations, thus demonstrating a greater conservation

of coldspots than hotspots in barley (Figure S11B). Such differential conservation

between recombination hotspots and coldspots might be linked to the different

genomic features determining their occurrence.
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The genomic features associated with recombination rate variation in

barley

The present study is the first comprehensive evaluation of the genomic features

associated with differences in recombination rates among barley populations. On a

scale of 1 Mbp windows, the recombination rate was found to be positively corre-

lated with sequence divergence among parental inbred lines, gene density, and SV

load on the barley chromosomes and was negatively correlated with the methylation

level (Figure 1).

The results of the present study are in line with earlier studies in plants in which

recombination was found to be positively associated with genetic divergence among

homologous chromosomes (Yang et al. 2012; Marand et al. 2019; Blackwell et al.

2020). Although a negative association was reported in some studies (Saintenac

et al. 2011; Gion et al. 2016; Bouchet et al. 2017; Serra et al. 2018; Jordan et al.

2018; Gutierrez-Gonzalez et al. 2019), the contradiction might be explained by

a sigmoid relationship between both variables, meaning that recombinatiom has

a positive correlation with genetic divergence until a level after which the high

polymorphism among homologs suppresses COs due to the increase in mismatches,

as recently reported in Arabidopsis (Blackwell et al. 2020; Hsu et al. 2022). In this

respect, the few observed 1 Mbp windows with a significant negative association

were found to have parental sequence divergence at the relative maximum level,

which appeared to be associated with an extensive SV load (Figure S5A and B).
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The SV load was not identified as a determining factor for the differences in the

recombination rate among populations, presumably because the employed resolu-

tion of 1 Mbp was too coarse to detect differences among populations, as most of

the analyzed SVs were smaller (Figure 2). Additionally, the positive correlation be-

tween the recombination rate and the SV load on a broad scale might be explained

by the accumulation of DNA repair errors in highly recombining regions throughout

the evolutionary history of barley (Figures 1A and 1C). Genomic regions with a

high rate of DSBs are expected to have a historically increased mutation rate pro-

duced by COs and GCs, which elevates the allelic diversity at such regions among

genotypes as demonstrated in humans (Arbeithuber et al. 2015; Halldorsson et al.

2019).

In addition to the positive correlation shown between recombination and gene

density on a broad scale, in the present study, 10 kb hotspot windows were found

to be associated with regions of high gene density (Table 1), as repeatedly reported

in previous studies in grasses (Rodgers-Melnick et al. 2015; Darrier et al. 2017;

Bouchet et al. 2017; Jordan et al. 2018; Gardiner et al. 2019; Marand et al. 2019;

Casale et al. 2022), and other plant families (Paape et al. 2012; Choi et al. 2013;

Silva-Junior and Grattapaglia 2015; Gion et al. 2016; Wang et al. 2016; Apuli et al.

2020). Furthermore, the hotspot windows were located in proximity (< 20 kb

apart) but did not overlap with the genes (Figure 4). This finding in barley is in

line with previous observations in Arabidopsis, maize, and rice showing an increased

CO frequency toward gene promoters and terminators (Choi et al. 2013; Wijnker
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et al. 2013; Li et al. 2015; Marand et al. 2019; Sun et al. 2019), similar to that

observed in budding yeast (Saccharomyces cerevisiae) (Pan et al. 2011).

In the present study, the genetic effects were calculated as the proportion of

the sum of the GRE of both parents for a given population that was not explained

by methylation, assuming parental sequence divergence and SV load as part of the

SRE (Casale et al. 2022). Such genetic effects were shown to be the factor ex-

plaining the greatest proportion of differences in recombination rates among barley

populations. Here, we hypothesize that such genetic effects are the product of the

expression of genes related to the recombination machinery being in part modu-

lated by the methylation level, explaining a portion of the uneven distribution of

the recombination hotspots along the barley chromosomes. The wide distribution

of the observed genetic effects along the chromosomes is in line with previous stud-

ies in wheat (Jordan et al. 2018) and barley (Casale et al. 2022) reporting that

differences in the genome recombination rate among populations are explained by

multiple loci with small effects.

A negative correlation was observed on a broad scale between recombination

rate and the extent of methylation in the CpG and CHG sequence contexts (Figure

1B). This is in accordance with previous studies in other plant species showing that

COs occurred in euchromatic regions while heterochromatic regions were depleted

of COs and that hypomethylation at CpG sites increased the genome-wide CO

rate (Melamed-Bessudo and Levy 2012; Colomé-Tatché et al. 2012; Salomé et al.

2012; Yelina et al. 2012; Mirouze et al. 2012; Wijnker et al. 2013; Rodgers-Melnick
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et al. 2015; Marand et al. 2019; Apuli et al. 2020; Boideau et al. 2022; Fernandes

et al. 2024). This association was confirmed at high-resolution by oberving the

relationship between 10 kb coldspot windows and increased methylation in the CpG

and CHG sequence contexts (Figure 3). Furthermore, compared with those in the

nonhotspot windows, the methylation levels in the CpG and CHG sequence contexts

in both the distal and pericentromeric regions of the barley chromosomes decreased

in the hotspot windows. This result is in line with previous findings in maize

showing a strong relationship between the occurrence of hotspots and decreased

CpG and CHG methylation but no association with CHH methylation (Rodgers-

Melnick et al. 2015). In this respect, it was suggested that increased recombination

was associated with increased CHH methylation in regions with high CpG-related

methylation levels but with decreased recombination where CpG methylation was

low (Rodgers-Melnick et al. 2015).

The presence of SVs was shown to suppress COs in previous studies in Arabidop-

sis (Rowan et al. 2019; Fernandes et al. 2024) and other plant species (Rodgers-

Melnick et al. 2015; Shen et al. 2019). In the present study, we were able to detect a

decreased overlap and a longer distance between CO breakpoints and SVs compared

to a random distribution, thus indicating the negative association of SVs with the

occurrence of COs in barley (Tables S13 and S14). The type and size of the SVs

were not found to be related to such effects, which is in line with previous findings

in Arabidopsis (Rowan et al. 2019). Moreover, this is the first study showing the

joint effect of methylation and the accumulation of SVs in determining genomic
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regions deprived of recombination outside the pericentromeric region (Fernandes

et al. 2024) and the variation in this effect within the genomic region (Figure 3

and Tables S11 and S12). In the distal telomeric region of the barley chromosomes,

most 10 kb coldspot windows were found to be associated with increases in both

the recombination level and the SV load. However, in the distal proximal region,

increased methylation was found to be associated with most of the 10 kb coldspot

windows, but an increased SV load was found to be associated with coldspot win-

dows with no increased methylation. Interestingly, the effects of both methylation

and SVs on the occurrence of coldspots were noticeable not only when comparing

coldspot windows with other windows located far away in the same genomic region

but also when comparing coldspots with their neighboring windows. This indicated

a marked local effect of methylation and SVs on recombination suppression (Fig-

ure 4). In addition, the differences in both methylation level and SV load among

barley populations were found to be responsible for the differences in the localiza-

tion of coldspot windows among such populations. The parental inbred lines of the

analyzed populations were found to differ in the methylation level in the genomic

windows identified as coldspots in their offspring populations (Table 2), indicating

that the inheritance of high methylation from only one parent was sufficient to

prevent recombination in a particular region of the genome.

In a previous study on the same barley populations in which methylation was

not separated from the genetic effects of genotypes, the effect of individual parental

inbred lines was shown to be the major determinant of the recombination rate of
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the respective biparental offspring populations (Casale et al. 2022). The increased

methylation at genomic regions leading to coldspots might be an important part of

the genetic effect of the parents on the recombination rate, which was negatively

correlated with methylation in the present study.

In contrast to the above described association of methylation and SVs with the

occurence of recombination coldspots, no significant differences between parental

inbred lines were found in the methylation level of hotspot windows, indicating

that parents must have equally low methylation at a genomic segment to allow a

recombination hotspot. The employed window resolution of 10 kb, which is longer

than the length reported earlier for recombination hotspots in other plant species

(Choi and Henderson 2015), might be the reason for the lack of detection of SV

effects on hotspots and the lack of differences in methylation between hotspots and

their neighboring windows.

Our findings demonstrate that the recombination landscape in barley is highly

predictable. Most of the recombination occurs in multiple short highly recombining

sections in the distal regions of the chromosomes. These recombination hotspots

are located in proximity to genes and where the levels of methylation and SV load

are low enough to allow CO concretion. In this sense, such hotspots alternate with

long regions deprived of recombination because of increased methylation or the ac-

cumulation of SVs preventing CO from occurring. Therefore, local differences in

the recombination rate among barley populations can be explained to a consider-

able extent by differences in the methylation level and the accumulation of SVs at
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multiple locations within the genome. Such differences are highly inheritable and

can be determined by the effect of only one parent in a cross. However, our analyses

suggest that in addition to these two genomic features, additional differences in the

recombination machinery must exist, which forms the basis for what we designated

genetic effect.
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METHODS

Identification of the genomic features associated with

recombination rate variation among barley populations

The recombination rates of 45 biparental barley populations, referred to as

double round-robin populations, were obtained from Casale et al. (2022). These

have been derived from genotyping the populations with the 50K Illumina Infinium

iSelect SNP genotyping array (Bayer et al. 2017). The recombination rates were

recalculated based on the Morex v3 reference genome sequence (Mascher et al.

2021) at 1 Mbp genomic windows. The pericentromeric region of each chromosome

was defined as the continuous region surrounding the centromere for which the

average recombination rate across the 45 DRR populations was 5-fold lower than

the respective chromosome average across populations in 1 Mbp genomic windows.

The regions of the chromosome that did not belong to the pericentromeric region

were designated in the following as distal regions.

Whole-genome bisulfite DNA sequencing data for the 23 DRR parental inbred

lines was obtained by extracting DNA from inbred lines from a mix of tissues,

including the whole seedling plant, the leaf, and the apex, at stage 47 on the

Zadoks scale. DNA library preparation was performed with NEBNext® Ultra™ II

(New England Biolabs, Inc., USA), and bisulfite conversion was performed with the

EZ DNA Methylation-Lightning Kit (Zymo Research, USA). The resulting 150 bp

paired-end libraries were sequenced with Illumina HiSeq™ 2000 and NovaSeq™ (Il-
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lumina, Inc., USA). The raw reads were trimmed with Trim Galore! (Krueger et al.

2023), mapped against the Morex v3 reference genome with Bismark (Krueger and

Andrews 2011), and aligned with Bowtie 2 (Langmead and Salzberg 2012). For

quality control, SNPs were called with Bis-SNP (Liu et al. 2012) and compared

with single nucleotide variation (SNV) data generated by DNA sequencing of the

respective inbred lines (Weisweiler et al. 2022). The level of methylation in cyto-

sine positions present in the methylated sequence contexts CpG, CHG, and CHH,

was calculated as the percentage of the methylated reads per position. For each

DRR population, the methylation level at each sequence context in a given ge-

nomic window was calculated as the average among the respective parental inbred

lines’ methylation level values for the methylated cytosine positions in that win-

dow, weighted by the number of methylated cytosine positions corresponding to

each parent. The average methylation level across the three sequence contexts in a

given genomic 1 Mbp window was calculated as the average among the calculated

methylation levels for such contexts in the window, weighted by the number of

methylated cytosine positions corresponding to each of the contexts in the window.

The difference in methylation level between the two parental inbred lines of a pop-

ulation at each 1 Mbp genomic window was calculated for the three methylated

sequence contexts and their average.

The gene density in 1 Mbp windows was calculated as the physical fraction

spanned by the coding sequence of genes in each window. The locations of genes

and intergenic regions on the barley chromosomes were obtained from the Morex v3
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reference sequence. The genetic divergence among parents of the DRR populations

was calculated from single nucleotide variant (SNV) data derived from genome-wide

sequencing (Weisweiler et al. 2022).

The SNVs were also used to calculate the general recombination effects (GRE)

of the parental inbred lines as described by Casale et al. (2022). In the next step,

the proportion of the sum of the GRE of both parents for a given population that

was not explained by the average methylation in each 1 Mbp window was estimated

using linear regression. This residual was assumed to represent the genetic effects

on recombination in a given genomic window. The specific recombination effect

(SRE) for a given parental combination was not taken into account to estimate

genetic effects because it was previously described to cause only a minor effect on

the recombination rate of a given biparental barley population (Casale et al. 2022).

The SVs such as inversions, insertions, deletions, duplications, and transloca-

tions, between the parental inbred lines of the DRR populations and the Morex

reference genome were obtained from Weisweiler et al. (2022). The SVs were cat-

egorized by size (50—299 bp, 0.3—4.9 kb, 5—49 kb, 50—249 kb, 0.25—1 Mbp,

and >1 Mbp), except for translocations whose length was not determined (Table

S1). The physical length fraction spanned by SVs in every 1 Mbp genomic window

across the genome was estimated for all SV categories and sizes. Furthermore, the

total SV span fraction generated by the sum of all SV categories and sizes in each

1 Mbp window was calculated (hereafter referred to as SV load).

Pearson’s correlation between all pairs of the abovementioned genomic features
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was calculated by genomic window and population. To identify which of the features

better explained the recombination rate variation among the 45 DRR populations

at each 1 Mbp genomic window in the barley chromosomes, a stepwise regression

approach was used. The procedure keeps for each 1 Mbp window the subset of

genomic features that explain differences among the recombination rates of the

DRR populations with the highest Akaike information criterion (AIC). The fraction

of 1 Mbp windows of the barley genome in which a given genomic feature was

retained in the model provides an estimation of the feature’s importance across

the entire genome. Moreover, the direction of the correlation between the analyzed

features and the recombination rate provides a notion of the impact of the feature

on either promoting or repressing recombination. The model included the total

SV load, parental sequence divergence, genetic effects, average methylation level,

and difference among parental inbred lines at the average methylation level. In

addition, an extended model was constructed by breaking down the methylation-

related variables into the respective methylated sequence contexts and the SV load

into the different SV types.

Investigation of the genomic features associated with the

recombination rate in barley at high-resolution

Plant material, genotyping, and data cleaning

From the 45 DRR population set, three populations (HvDRR13, HvDRR27, and

HvDRR28) were selected for high-density genotyping using an mRNAseq approach
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as described by Arlt et al. (2023). These populations are the product of a triangle

cross among three parental inbred lines (HOR8160, SprattArcher, and Unumli-

Arpa). The respective 64, 92, and 79 RILs were cultivated at the S7 generation

in petri dishes in a randomized incomplete block design where the parental inbred

lines were included as controls. The blocks were harvested 7 days after planting

with less than 2 hours difference between the first and last sample. The whole

seedling was utilized for mRNA extraction. For mRNA sequencing (RNA-Seq),

the RIL-specific library was constructed using the VAHTS Universal V6 RNA-seq

Library Prep Kit for Illumina (Vazyme, China), and RIL-specific barcodes were

used. The pooled libraries were sequenced on the DNBSEQ-G400 platform (MGI

Tech Co., Ltd., China) by BGI Genomics (Beijing, China), generating 1.42 billion

150 bp paired-end reads. The reads were trimmed with Trimmomatic (Bolger et al.

2014) and aligned to the Morex v3 reference sequence using HISAT2 (Kim et al.

2019). Variant calling was performed using BCFtools (Li et al. 2009). The obtained

variants were selected based on their intersection with the reported SNVs from the

parental inbred lines (Weisweiler et al. 2022). Furthermore, a 12 K subset of the

SNP markers reported previously (Casale et al. 2022) for the same parental inbred

lines and RILs was added to the total set at genomic positions not present in the

RNAseq dataset. On a population basis, SNPs carrying nonparental alleles were

set to missing data, and SNPs with 100% missing data or monomorphic parental

alleles were discarded. Missing data for genotypes at polymorphic positions were

reconstructed using Beagle (Browning et al. 2018) with default parameters.
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Detection of recombination events

A recombination event in a given RIL haplotype was called when a block of

SNP alleles inherited from one parental inbred switched to a block of SNP alleles

belonging to the other parent (i.e., parental allele phase change). The recombination

breakpoints were determined as the midpoint of the region between both blocks (i.e.,

the CO interval). The blocks comprising fewer than three SNPs were considered

false positive CO events and were discarded. Then, blocks shorter than 10 kb

were considered GC events, while blocks longer than 10 kb were considered to be

produced by CO (Yang et al. 2012; Gardiner et al. 2019). To enable comparisons

with earlier studies (Yang et al. e.g. 2012; Gardiner et al. e.g. 2019), GC-related

blocks were grouped into long (2–10 kb), short (20 bp–2 kb), and very short (2–19

bp) GC blocks, while the CO-related segments were grouped into short (10–500 kb),

medium (500 kb–3 Mbp), and long (> 3 Mbp) CO blocks. The longest block length

threshold that kept every major parental allele phase change (3 Mbp) was defined

visually by graphical genotypes on a 500 kb scale from 0.5 to 20 Mbp (Figure S2).

The CO block length categories were considered different CO layers, and further

analyses were performed on a multilayer basis. Individuals with a CO count falling

outside the 3-fold interquartile range of their respective population were assumed

to be outliers and were discarded from further analyses.

The pericentromeric and distal regions of each chromosome were defined as

explained above at 10 kb genomic windows for each of the three analyzed popula-
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tions independently. The distal regions were defined as the chromosome segments

between the pericentromeric region and the telomeres of the chromosomes.

In each 10 kb genomic window of the genome, the physical fraction spanned

by the CO intervals determined in all RILs of a population was aggregated to

calculate the accumulated CO probability per window on a population basis. The

accumulated CO probabilities per window were normalized per chromosome and

per population. The CO hotspot windows in a given population were defined as the

windows with a CO probability > 99%. The GC hotspot windows were determined

in the same way as the CO hotspot windows. The windows located in the distal

regions with a CO probability of zero were considered coldspot windows. The

coldspot windows that were located beside other coldspot windows were combined

into coldspot regions. To avoid calling coldspot windows near the pericentromeric

region and telomeres, only windows located away from such regions were considered

coldspot windows. This distance was granted by introducing an arbitrary margin

with a length of 12.5% of the physical length of the respective distal region. To

control for spurious associations generated by the variation of the features along the

chromosomes, the windows from the distal regions were grouped into those close to

the telomere (distal telomeric) and those close to the pericentromeric region (distal

proximal).
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Investigation of the association between genomic features and recombi-

nation rate

The fraction of each window spanned by SVs, the gene density, the methyla-

tion level at the sequence contexts CpG, CHG, and CHH, their average, and the

parental difference for these contexts were calculated as described above for each 10

kb genomic window of the barley chromosomes in the three analyzed populations

HvDRR13, HvDRR27, and HvDRR28. In addition, the 10 kb windows neighboring

coldspot and hotspot regions (any genomic length spanned by contiguous coldspot

or hotspot 10 kb windows) were grouped by their relative position in the range

from -40 kb to +40 kb around the respective coldspot or hotspot in the mentioned

chromosome regions. The statistical comparison among window groups of any kind

for the mentioned features was performed with the Mann–Whitney U test with

Bonferroni correction for multiple testing.

The observed overlaps of the coldspot and hotspot regions with genes and in-

tergenic regions in the chromosomes of the three analyzed populations were statis-

tically compared with random overlaps simulated with regioneR (Gel et al. 2016)

by running 1, 000 permutations on a by-chromosome basis where the respective

pericentromeric regions were masked.

The observed overlap between CO intervals and the genomic regions spanned by

SVs was assessed as described above with regioneR for insertions/deletions, dupli-

cations, and inversions. In addition, the mean distance between the CO breakpoints
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and their closest SV in the genome was compared with the equivalent of random

simulated COs in 10 Mbp genomic windows, each with a probability of CO occur-

rence according to the recombination rate per chromosome in the DRR populations

reported by Casale et al. (2022). The significant differences among the means of the

observed and simulated CO-SV distances were evaluated with the Mann–Whitney

U test.
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Table 1: The observed overlaps among the recombination coldspot and hotspot
10 kb windows with genes and the intergenic regions in the distal region of the
barley chromosomes, and their comparison with the overlaps generated under a
random distribution of such regions in the analyzed double round-robin (DRR)
populations HvDRR13, HvDRR27, and HvDRR28. The random distribution of
the genomic regions was simulated with 1,000 permutations.

Recombination region Genetic region Population Observed overlaps Random overlaps

Coldspot windows Genes HvDRR13 23989 37029
HvDRR27 19545 26369
HvDRR28 24832 37091

Intergenic regions HvDRR13 77006 129894
HvDRR27 73553 87290
HvDRR28 78332 135060

Hotspot windows Genes HvDRR13 1057∗∗∗ 237
HvDRR27 739∗∗∗ 146
HvDRR28 1264∗∗∗ 282

Intergenic regions HvDRR13 823 840
HvDRR27 684∗∗∗ 486
HvDRR28 1057 1031

∗∗∗P < 0.001 for H0: µObserved ≤ µRandom; Z-test.
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Table 2: Comparison of the methylation level at sequence contexts CpG, CHG, and CHH in the windows identified
as recombination hotspots and coldspots in the double round-robin (DRR) populations HvDRR13, HvDRR27, and
HvDRR28 for the respective parental inbred lines. The coldspot and hotspots windows were calculated on the basis of
the recombination rate of the DRR populations. For a given population and given methylated sequence context, the
significant difference (α = 0.016) in the Wilcoxon’s rank sum test among genomic window groups are indicated with
different letters.

Coldspot windows Hotspot windows
Population Offspring HOR8160 Unumli-Arpa SprattArcher Offspring HOR8160 Unumli-Arpa SprattArcher

HvDRR13
CpG 0.880 c 0.875 b - 0.883 a 0.666 a 0.661 a - 0.668 a
CHG 0.581 c 0.571 b - 0.590 a 0.334 a 0.322 a - 0.345 a
CHH 0.020 c 0.020 b - 0.021 a 0.029 a 0.028 a - 0.030 a

HvDRR27
CpG 0.894 b - 0.891 a 0.892 b 0.673 a - 0.667 a 0.678 a
CHG 0.595 c - 0.587 a 0.602 b 0.346 a - 0.330 a 0.362 a
CHH 0.019 b - 0.019 a 0.020 b 0.029 ab - 0.027 a 0.031 b

HvDRR28
CpG 0.880 c 0.875 b 0.881 a - 0.645 a 0.643 a 0.644 a -
CHG 0.573 c 0.570 b 0.574 a - 0.319 a 0.319 a 0.315 a -
CHH 0.019 a 0.019 b 0.019 a - 0.028 a 0.028 a 0.027 a -
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Fig. 1: (A) Distribution of recombination rate, total structural variants’ load fraction, gene density, and parental
sequence divergence between the respective parental inbred lines on average across the 45 double round-robin
(DRR) populations in 1 Mbp windows across the seven barley chromosomes. The total structural variants
(SV) load fraction represents the portion spanned of a given 1 Mbp genomic window by the sum of insertions,
deletions, invertions, and duplications. (B) Distribution of recombination rate and methylation level in 1 Mbp
windows for the sequence contexts CpG, CHG, CHH, and their mean, on average across the seven barley
chromosomes and 45 DRR populations. The methylation level values for a given methylation sequence context
represent the percentage of methylated reads of such context present in a 1 Mbp window averaged across the 45
DRR populations. The vertical blue solid line indicates the position of the centromere in the Morex v3 reference
genome and the vertical blue dashed lines indicate the pericentromeric region calculated across the 45 DRR
populations. (C-D) Correlation matrix between recombination rate, total SV load fraction, parental sequence
divergence, gene density, average methylation level, and parental difference in methylation level, across 1 Mbp
windows in the distal (C) and the pericentromeric (D) regions of the barley chromosomes for the average across
the 45 DRR populations. Pearson’s correlation coefficients are indicated with a color gradient from -1 (red) to
1 (blue).
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Fig. 2: The genomic features explaining the variation in the recombination rate among the 45 double round-
robin (DRR) populations in 1 Mbp windows across the seven barley chromosomes. The genomic features
were selected for each window by a stepwise regression procedure. The standarized regression coefficients are
indicated by a color gradient from -1 (purple) to 1 (red). The studied genomic features included sequence
divergence among parental inbred lines, genetic effects, total structural variants (SV) load, average methylation
level across the sequence contexts CpG, CHG, and CHH, and the difference in the methylation level among
the parental inbred lines for the average of such sequence contexts. The vertical solid line indicates the
position of the centromere in the reference genome, and the vertical dashed lines indicate the pericentromeric
region calculated across the 45 DRR populations. The analysis was performed separately for the distal and
pericentromeric regions of the barley chromosomes, respectively. The fraction of 1 Mbp windows of the
barley genome in which the genomic features were found to be significantly associated with the recombination
rate variation across the 45 DRR populations are displayed in the table. The fractions of 1 Mbp windows
positively and negatively associated with the recombination rate were indicated with the ”+” or the ”−” signs,
respectvely.
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Fig. 3: Distribution of the methylation level for the methylated sequence contexts CpG, CHG, CHH, and their average,
and the total structural variants (SV) load fraction in 10 kb genomic windows grouped by their location in different
chromosomal regions -pericentromeric, distal proximal, and distal telomeric-, and recombination rate -total, coldspots,
and hotspots- of the barley chromosomes in the analyzed double round-robin (DRR) populations HvDRR13 (green),
HvDRR27 (orange), and HvDRR28 (grey). For each DRR population, the methylation level at each sequence context
in a given genomic window was calculated as the average among the respective parental inbred lines’ methylation level
values for the methylated cytosine positions in that window, weighted by the number of methylated cytosine positions
corresponding to each parent. The displayed dots for chromosome regions and coldspots are a random subset of 1%
of the total windows in each window group. For each genomic feature, the distribution’s mean of each window group
from a given population is indicated with the related population color at the top-right of the respective plot. Significant
differences (α = 0.001) in the Wilcoxon’s rank sum test among such means across window groups is indicated with
different letters below the respective mean and sharing the population color. For a given genomic feature in each window
grouping category, significant differences (α = 0.008) in the Wilcoxon’s rank sum test among populations are indicated
with different blue letters at the bottom of each panel.
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Fig. 4: The mean values of the average methylation level among the methylated sequence contexts CpG,
CHG, and CHH, total structural variants (SV) load, and gene density in the genomic windows grouped by
the physical positions in the range from -40 kb to +40 kb around the coldspot and hotspot genomic regions
in the pericentromeric, distal proximal, and distal telomeric region of the chromosomes in the analyzed
double round-robin (DRR) populations HvDRR13, HvDRR27, and HvDRR28. The vertical dashed lines
indicate the relative location of either the coldspot or the hotspot windows, respectively. The significant
difference (α = 0.001) in the Wilcoxon’s rank sum test among the window groups corresponding to the
different 10 kb physical position neighboring the respective hotspot or coldspot region in a particular
chromosome region is indicated with different letters.
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Mercier R, Mézard C, Jenczewski E, Macaisne N, and Grelon M. 2015. The molec-
ular biology of meiosis in plants. Annual Review of Plant Biology 66: 297–327.

Mirouze M, Lieberman-Lazarovich M, Aversano R, Bucher E, Nicolet J, Reinders
J, and Paszkowski J. 2012. Loss of DNA methylation affects the recombination
landscape in Arabidopsis. Proceedings of the National Academy of Sciences of

the United States of America 109: 5880–5885.

Muller HJ. 1932. Some genetic aspects of sex. The American Naturalist 66: 118–
138.
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2. Arlt, C., Wachtmeister, T., Köhrer, K., Stich, B. (2023). Affordable, accurate

and unbiased RNA sequencing by manual library miniaturization: A case study

in barley. Plant Biotechnology Journal, 21(11).

3. Arlt, C., van Inghelandt, D., Li, J., Stich, B. (2025). Assessment of genomic

prediction capabilities of transcriptome data in a barley multi-parent RIL popu-

lation. Theoretical and Applied Genetics, Accepted.
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